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Hoe begint een doctoraatsverhaal? Soms rol je er gewoon in na je studies. In mijn geval
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- in de stedenbouw, om na een jaartje bij de milieukundige ingenieurstechnieken van
Haskoning te landen en dan... ja, waarom terug naar die unief? Doctoreren, was ik daar
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boekje er niet gelegen. Dit is het dan, resultaat van vier jaren die voorbijgevlogen zijn,
gebundeld in zowat tweehonderd bladzijden. Maar onderzoek en ervaringen vat je niet
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natuur werkt mooi volgens je eigen regeltjes. Peperdure wetenschappelijke instrumenten
werken niet zo maar naar behoren, zelfs als ze versgebakken uit de doos komen, maar je
kan er blijkbaar wel vliegtuigen mee kapen. De ervaring leert: lensdoppen verwijder je
voor je begint te meten, in Zuid-Afrika rijden we links, dat is de overkant van de straat.
Zonder dit alles was er ook niet zo veel memorabel gebeurd om op terug te blikken. Het
is een mooie ervaring geweest, die vier jaren. Ik heb een stuk van een andere wereld
mogen proeven, en het smaakt naar meer.
In de eerste plaats wil ik mijn promotor prof. Pol Coppin bedanken voor de kans die hij
me gegeven heeft. Hij heeft me de ondersteuning, de vrijheid, het vertrouwen maar ook
de nodige kritische commentaar en inzichten bijgebracht, nodig om dit onderzoek tot
een goed einde te brengen. Daarbij wil ik ook prof. Rony Swennen bedanken voor de
hulp over de hele lijn van het onderzoek en voor de goede samenwerking, die we hopelijk
kunnen verderzetten.
Zonder mijn leuke en boeiende collega’s waren het ook maar vier droge jaren geworden.
Jullie waren en zijn fijne mensen om mee samen te werken en ook al leidde een en ander
tot wat spanningen, we zijn er altijd uitgeraakt. Bedankt Dimi, je hebt me ingewijd
in de mysteriën van lasers, online gaming en verdwijnende koffiekoeken. Bedankt Ben,
voor je fijne gezelschap in Florida en Zuid-Afrika en alle discussies die we samen gehad
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hebben, over de Wetenschap, de toekomst, over mensen en koetjes en kalfjes. Bedankt
Willem voor je hulp bij mijn onderzoek, om alles na te lezen, afspraken te regelen en
om me niet neer te bliksemen als ik weer eens een verkeerde datum had genoteerd.
Bedankt Stephanie, Miguel, Laurent, Mathilde, Ray, Stef, Dimitrios en Sara voor de
leuke babbels en de samenwerking. Jullie zorgen ervoor dat ik af en toe van mijn scherm
en papieren wegkijk. Bedankt ook, Wouter en Caroline, voor jullie hulp bij de metingen
in Zuid-Afrika.
Bedankt aan alle vrienden om me te steunen en gewoon om er te zijn. Ik durf niet
beginnen met iedereen op te noemen want ik ga zeker weer iemand vergeten. Maar toch
een merci aan Joachim, Leen en Jorg, omdat jullie me hielpen mezelf te overtuigen om
hieraan te beginnen. Bedankt ook aan alle collega’s bij Haskoning voor jullie vriendschap
in de zeven jaren die hieraan vooraf gingen. Dat blijft bij.
Nu wordt het hoog tijd voor het thuisfront. Bedankt mama en papa, Reinhold en
Kaatje om me voor de volle 100% te steunen om aan dit avontuur te beginnen. Ook
een welgemeende dank aan Brunhilde en Werner, aan al mijn ooms, tantes, neven en
nichten in Brabant en het ‘verre’ West- en Oost-Vlaanderen voor jullie interesse in mijn
onderzoek, want met satellieten naar sinaasappels kijken, daar overtuig je niet iedereen
mee.
Deze laatste paragraaf is gereserveerd voor de belangrijksten. Bedankt Frederika om-
dat je me door dik en dun gesteund hebt, dat je naar me luistert als ik er eventjes
door zit, dat je zingt in de badkamer, dat je me op tijd komt ambeteren, me terug
naar boven stuurt als ik de verkeerde kleren aan heb, dat je er gewoon voor me bent.
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Plant production systems are governed by site management and by biotic and abiotic
factors. For annual crops, many of these have been described, modeled and used as
a basis for production steering. Existing biophysical production models however lack
components for the correct modeling of fruit crops, such as integrated submodels for
flowering and fruit growth, adaptation and carbohydrate allocation. Dynamic inputs
to these models are being delivered by meteorological records and - increasingly - by
remote sensing due to its high spatial and temporal resolution. Specifically hyperspectral
satellite data sets offer a high added value as they are capable of detecting a large
number of relevant biophysical variables, such as leaf area index, chlorophyll content, soil
and crown water content, pigment ratios and biomass production. The major scientific
challenge is the robust and unbiased extraction of these variables and their subsequent
assimilation in production models.
The first objective of this dissertation, throughout which citrus is used as a model
crop, is the development of a bottom-up approach to model, at the different scales, the
physiological, structural and optical processes leading to changes in signals as retrieved
by hyperspectral satellites. The first step herein encompasses a description of the
critical internal processes that lead to detectable changes in biochemical components,
with a focus on the carbohydrate flows (chapter 2). In the second step, a dorsiventral
leaf model (DLM) is developed (chapter 3) capable of accurately simulating optical
properties (reflectance and transmittance) of leaves with known structural properties and
biochemical composition. Contrary to existing isolateral leaf models, DLM is adapted
to model dorsiventral leaves, typical for dicot species such as citrus. The next step in
the up-scaling process establishes the relation between optical properties at the leaf
level and those at the canopy (tree crown) level. Using 3D virtualization techniques
(ray-tracing), in chapter 4 a model of an existing citrus orchard was constructed and
validated using field data. This virtual environment enables simulations of hyperspectral
sensor measurements with high accuracy. Innovative aspects are the use of calibrated 3D
tree models with an explicit description of the geometry of all leaves, twigs and stems
and realistic simulation of both diffuse and direct sunlight. This virtual environment
has subsequently been used as a reference for the (in)validation of different assumptions
commonly made by simpler but faster algorithmic canopy reflectance models. Tested
assumptions concern the shape, distribution and glossy reflections of leaves, the properties
of the incident light and the row structure of orchards. This relation between leaf and
v
tree has not only been studied using simulations, but has also been investigated using a
hyperspectral time series of field measurements in a commercial citrus orchard (chapter
5). Changes in leaf, fruit and crown spectra throughout consecutive growth seasons
could be explained by interpreting within-canopy mixtures of canopy components (leaf
and fruit types) in different phenological stages (flowering, fruit set and growth and leaf
drop), stress (sunburn) and management actions (pruning, irrigation and harvest). The
last step in the up-scaling process, from crown to satellite level, was made in chapter 7
in which the impact of shadow, viewing geometry and pixel size were investigated.
The second objective in this research was the search for more robust data extraction
methods that follow the inverse path: from satellite measurements to biophysical
model variables. Chapter 3 introduces an improved model inversion strategy for DLM
that allows leaf biochemistry (chlorophyll, carotenoids, dry matter and water) to be
determined with higher accuracy. Additional statistical model building (chapter 2)
reveals that spectral contact measurements can be used to determine leaf starch and
soluble sugar concentrations. For measurements at the crown level, in chapter 6, a new
measurement protocol is developed that enables time series collection under variable
environmental conditions. This substantially improves measurement opportunities as
compared to existing field protocols that demand a cloud free sky. Finally, using the
virtualization techniques from chapter 4, chapter 7 finds optimal viewing angles for
off-nadir satellite imagery in row plantations that minimize the interfering influence of
soil and weeds on the canopy spectrum.
The simulations at the different scale levels of this research (biophysical process, leaf,
crown and satellite) are some of the building blocks of a framework. Within this
framework, remote sensing measurements capable of monitoring the production process
of fruit crops can be simulated in a reliable and physically/physiologically based way.
The insights that such an approach has delivered were used to make existing data
extraction methods more robust and more accurate. Some parts of this research resulted
in technologies that can be employed in an operational context, such as a fast assessment
of leaf biochemistry and field protocols for canopy reflectance spectra. The full bottom-
up approach as envisaged here, however, requires a substantial amount of sustained
fundamental and applied research.
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Beknopte samenvatting
Plantproductiesystemen worden aangestuurd door beheer en biotische en abiotische
factoren. Voor sommige eenvoudige productiegewassen zijn vele hiervan gekend, gemod-
elleerd en gebruikt als basis voor productiesturing. In bestaande biofysische produc-
tiemodellen ontbreken echter componenten voor het correct modelleren van fruitteelt-
gewassen, zoals geïntegreerde submodellen voor bloei en vruchtgroei, adaptatie en de
allocatie van koolhydraten. Voor de dynamische gegevensinvoer van deze modellen wordt,
naast meteorologie, in toenemende mate teledetectie ingezet vanwege de hoge ruimtelijke
en temporele resolutie. Met name hyperspectrale satellietwaarnemingen bieden een hoge
meerwaarde omwille van het groot aantal relevante biofysische variabelen dat hiermee
kan worden opgemeten, zoals bladoppervlakteindex, chlorofylgehalte, pigmentverhoudin-
gen, bodem- en kruinvochtgehalte en biomassaproductie. De belangrijkste uitdaging
bestaat erin om deze variabelen op een robuuste en onvertekende manier te extraheren
en te assimileren in gewasproductiemodellen.
De eerste doelstelling van dit doctoraatsonderzoek, waarbij citrus wordt gebruikt als
modelgewas, is het ontwerp van een eerste bottom-up benadering waarbij op verschillende
schaalniveaus de fysiologische, structurele en optische processen worden gemodelleerd die
leiden tot veranderingen in signalen zoals gedetecteerd door hyperspectrale satellieten.
De eerste stap omvat de beschrijving van de belangrijkste interne processen die leiden
tot waarneembare veranderingen in biofysische componenten, hetgeen hier is toegespitst
op de koolhydratenhuishouding (hoofdstuk 2). In de volgende stap is een bladmodel,
DLM (dorsiventral leaf model), ontwikkeld (hoofdstuk 3) waarmee wijzigingen in optis-
che eigenschappen (reflectantie en transmissie) van een blad accuraat kunnen worden
gesimuleerd op basis van gekende biochemische samenstelling en structuurkenmerken.
In tegenstelling tot bestaande unilaterale bladmodellen is DLM aangepast voor dorsiven-
trale bladeren, typisch voor tweezaadlobbigen waaronder citrus. De volgende stap in het
opschalingsproces legt de relatie tussen de optische eigenschappen op bladniveau en deze
op kruinniveau. Met 3D virtualisatietechnieken (ray-tracing) werd in hoofdstuk 4 een
bestaande citrusboomgaard nagebouwd en gevalideerd, waarin met hoge accuraatheid
hyperspectrale metingen gesimuleerd kunnen worden. Vernieuwende aspecten zijn het
gebruik van gekalibreerde 3D boommodellen met een expliciete geometrische beschrijving
van alle bladeren en takken en de waarheidsgetrouwe simulatie van invallend diffuus
en direct licht. Deze virtuele omgeving geldt als de referentie waaraan verschillende
veronderstellingen worden getoetst die door eenvoudigere maar snellere algoritmische
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kruinreflectantiemodellen worden gemaakt. Deze veronderstellingen betreffen de vorm,
de verdeling en de spiegelreflectie van bladeren, de eigenschappen van invallend licht
en de rijstructuur van boomgaarden. De relatie tussen blad en boom werd niet enkel
gesimuleerd, maar werd eveneens in detail onderzocht in een hyperspectrale tijdsreeks
van veldmetingen in een commerciële citrusboomgaard (hoofdstuk 5). Wijzigingen in
blad-, vrucht- en kruinspectra doorheen opeenvolgende groeiseizoenen konden worden
verklaard aan de hand van de expressie van de fenologische stadia (bloei, vruchtzetting
en groei, bladval), stress (zonnebrand) en beheer (snoei, irrigatie, pluk). De laatste stap
in het opschalingsproces, van kruin- naar satellietniveau, werd gemaakt in in hoofdstuk
7 waarin de effecten van schaduw, waarnemingshoek en pixelgrootte zijn nagegaan.
De tweede doelstelling van dit onderzoek omvat het zoeken naar meer robuuste gegeven-
sextractiemethoden voor algoritmes die de omgekeerde weg bewandelen: van satelliet-
metingen naar biofysische modelvariabelen. Daarom werd in hoofdstuk 3 een verbe-
terde modelinversiestrategie voor DLM ontwikkeld waarbij bladparameters (chlorofyl,
carotenoïden, droge stof en water) op een meer betrouwbare manier kunnen worden
bepaald. Bijkomend statistisch onderzoek (hoofdstuk 2) wijst uit dat gebruik mak-
end van spectrale metingen ook gehaltes van zetmeel en oplosbare suikers met goede
nauwkeurigheid kunnen worden bepaald. Voor metingen op kruinniveau werd in hoofd-
stuk 6 een nieuwe meetstrategie ontwikkeld waarmee tijdreeksen op een onvertekende
wijze kunnen worden opgemeten onder variabele weersomstandigheden. Dit vergroot
in hoge mate de meetmogelijkheden ten opzichte van de bestaande methoden die een
wolkenloze hemel vereisen. Met behulp van de virtualisatietechnieken uit hoofdstuk 4
is ten slotte in hoofdstuk 7 onderzocht welke de optimale kijkhoeken zijn voor oblieke
satellietbeelden in rijbeplantingen, waarbij de verstorende invloed van bodem en kruiden
op de kruinsignalen wordt geminimaliseerd.
De simulaties op de verschillende schaalniveaus in dit onderzoek (biofysisch proces, blad,
kruin en satelliet) vormen de bouwstenen die passen in een omkaderende benadering
waarin afstandwaarnemingen, die het productieproces van fruitgewassen opvolgen, op
een betrouwbare en fysisch/fysiologisch onderbouwde wijze kunnen worden gesimuleerd.
De inzichten die zulke benadering opleverde werden ingezet om bestaande gegeven-
sextractiemethoden robuuster en nauwkeuriger te maken. Sommige deelonderzoeken
leverden operationeel inzetbare technologieën op, zoals de snelle bepaling van biochemis-
che bladeigenschappen en meetprotocols voor kruinmetingen. De volledige bottom-up






ABM-B Algorithmic Bidirectional surface scattering Model for Bi-facial leaves
ANMB Area under curve Normalized to Maximal Band depth
ANOVA ANalysis Of VAriance
AOD Atmosphere Optical Depth
ARMAX Autoregressive model with Moving Average and eXogenous input
AVHRR Advanced Very High Resolution Radiometer
BRDF Bidirectional Reflectance Distribution Function
BRF Bidirectional Reflectance Factor
BSFD Bidirectional Scattering Distribution Function
CI Contribution Index
COD Cloud Optical Depth
CS Clear Sky
DAA Days After Anthesis
DFOV Dual Field Of View
DHR Directional-Hemispherical Reflectance
DHT Directional-Hemispherical Transmittance
DLM Dorsiventral Leaf Model
DN Digital Number
DVOF Dual Field Of View
ET EvapoTranspiration
EVI Enhanced Vegetation Index
EWT Equivalent Water Thickness
fAPAR fraction of Absorbed Photosynthetically Active Radiation
FII Flowering Intensity Index
FOV Field Of View
GEMI Global Environment Monitoring Index
GIS Geographic Information System
HDMR High Dimensional Model Representation
HLB Huanglongbing
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IS-HS In-Situ and HyperSpectral
LAD Leaf Angle Distribution function
LAI (one sided) Leaf Area Index
LEO Low Earth Orbiting
LiDAR Light Detection And Ranging
LOPEX Leaf Optical Properties EXperiment
LST Local Solar Time
MCARI Modified Chlorophyll Absorption Ratio Index
MCRT Monte Carlo Ray Tracing
MLR Multiple Linear Regression
MODIS MODerate resolution Imaging Spectroradiometer
MSI Moisture Stress Index
MTVI2 Modified Triangular Vegetation Index
N Nitrogen
NARMAX Nonlinear Autoregressive model with Moving Average and eXogenous input
NARX Nonlinear Autoregressive model with eXogenous input
NDVI Normalized Difference Vegetation Index
NER Noise Equivalent Radiance
NIPALS Non-linear Interactive PArtial Least Squares
NIR Neaf InfraRed, 700-1400 nm
OS Obscured Sky
OSAVI Optimized Soil Adjusted Vegetation Index
PA Producer’s accuracy
PAR Photosynthetically Active Radiation
PBRT, pbrt Physically Based Ray Tracer
PCR Polymerase Chain Reaction
PLS Partial Least Squares regression
PRI Photochemical Reflectance Index
PROSPECT PROpriétés SPECTrales
QCS Quasi Clear Sky
RAMI RAdiation transfer Model Intercomparison
RMSE Root Mean Squared Error
ROMC RAMI Online Model Checker
RT Radiative Transfer
RUE Radiation Use Efficiency
SAA Solar Azimuth Angle
SAM Spectral Angle Mapper
SBDart Santa Barbara DISORT Atmospheric Radiative Transfer
SCI Soil Contribution Index
SD Standard Deviation
SDR Standardized Difference Ratio
SEBAL Surface Energy BAlance for Land
x
SID Spectral Information Divergence
SIWSI Shortwave Infrared Water Stress Index
sLAIDI standardized Leaf Area Index Determining Index
SNR Signal-to-Noise Ratio
SR Simple Ratio
SRTM Shuttle Radar Topography Mission
SWIR Short-Wave InfraRed, 1400 - 3000 nm
SZA Solar Zenith Angle
TA Total Acididy
TCARI Transformed Chlorophyll Absorption Ratio Index
TCI Temporal Contribution Index
TOC Top-Of-Canopy
TS Time Series
TSS Total Soluble Solids
UA User’s accuracy
UV Ultra-Violet
VAA View Azimuth Angle
VGT SPOT Vegetation
VHR Very High Resolution
VI Vegetation Index
VIS VISible, 400-700 nm
VPD Vapor Pressure Deficit
VZA View Zenith Angle
WCI Weeds Contribution Index
General symbols and definitions
Dimensions are indicated between square brackets, other symbols are abstract or unitless.
α maximum dispersion angle of light (chapter 3)
fraction of irradiance under clear sky conditions (chapter 6)
αf angle of the facets normals
βep fraction of total pigment content in the abaxial epidermis
βpigm fraction of total pigment content in the palisade layer
βwdm fraction of fresh mass in the palisade layer
γ fraction of direct irradiance
δ diffusion angle of light inside the abaxial epidermis (chapter 3)
θa half-angle between illumination and viewing direction
θi,θs incident angle of light
θo,θv outgoing (viewing) angle of light
κ specific absorption spectrum (chapter 3)
bidirectional BRDF component (chapter 6)
λ wavelength [nm]
xi
µ surface roughness modification term for Fresnel reflectance
ν wavelength independent term
ρ¯ Lambertian BRDF component
ρdd bidirectional component of BRDF
ρdh, ρdh directional-hemispherical reflectance
ρhd hemispherical-directional reflectance
σ surface roughness coefficient
τ average transmissivity of a plate layer
ϕv,ϕ relative azimuth
χ2 chi-square statistic
ωλ soil single scattering albedo
ωi solid incoming angle
ωo solid outgoing angle
B biomass production
b soil hotspot reflectance peak width (chapter 4)
b′ soil specular reflectance peak width
c BRDF normalization constant (chapter 3)
soil hotspot reflectance peak height (chapter 4)
c′ soil specular reflectance peak height
Cx biochemical content of substance x [µg cm−2] or [mg cm−2]
D normalized microfacets distribution
E epidermis (chapter 3)
irradiance [W m−2] (chapter 6)
E(λ) spectral radiance [W m−2 nm−1]
ET0 reference evapotranspiration
F ,Fr Fresnel reflectance term
f BRDF function [sr−1] (chapter 3, 7)
fraction (chapter 5)
fair fraction of layer separated by air spaces
G shadowing term
g target reflectance relative to quasi clear sky target reflectance
H value of the cost function
h soil roughness parameter
HI harvest index
k absorption coefficient of a layer
Kc crop coefficient
L, L(λ) radiance [W m−2 sr−1] or spectral radiance [W m−2 sr−1 nm−1]
Mx mesophyll layer
N PROSPECT structure parameter (number of layers)
nf BRDF normalization function
OP vector set of optical properties
P palisade layer
R reflectance of a leaf or leaf layer
R2 coefficient of determination
RT reflectance and transmittance of a leaf
Rwh,Rwp absolute reflectance with a whitepanel background
xii
T transmittance of a leaf or leaf layer (chapter 3)
scan time (chapter 6)
t Fresnel transmission coefficient
w weight function of diffuse irradiance distribution
wp water productivity factor
Y yield
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1.1. MODELING, MONITORING AND STEERING CROP PRODUCTION SYSTEMS
1.1 Modeling, monitoring and steering crop production
systems
Fruit producers have, over the last decades, been adopting a wide variety of new tech-
nologies to meet increased market demands and environmental standards, to improve
production quantity, to avoid losses, and to reduce maintenance costs. Increasing fruit
quality and uniformity requirements are met by breeding, post-harvest technology, better
management practices and more intensive monitoring (Ladaniya, 2007). Growing envi-
ronmental concerns on the use of water resources and the contamination of groundwater
by pesticides and nutrients have promoted sustainable management in agriculture and
orchards (Keeney & Olson, ????; Goulding, 2000). Precision farming techniques such as
variable rate technologies (Zaman et al., 2006b) and better irrigation scheduling (Jones,
2004) were introduced to improve management practices and to increase production
quantity and quality. The required input parameters could often be measured by novel
sensor technologies (De Baerdemaeker, 2001). Moreover, advances in sensor design
and technology are proven to provide cost-effective and non-intrusive techniques for
pre-symptomatic detection of biotic (pathogens) and abiotic stresses (Delalieux, 2009).
The optimal use of these technologies in commercial production requires a thorough
understanding of the production system, which can be provided by crop production
models. These range from simple stochastic relations to full-scale biophysical models
(Thornley & France, 2007). Crop models can and are being used to control farming
systems (currently mainly under greenhouse climates), autonomously or by assisting in
the decision making process (Gary et al., 1998). The intricate complexity of horticultural
production systems, however, poses new challenges to model all the required interactions,
to correctly parametrize each model and to continuously monitor all critical input
variables (Goldschmidt & Lakso, 2005).
Current orchard monitoring methods are primarily based on field surveys, meteorology
recording and soil or leaf nutrient sampling (Hrubovcak et al., 1999). Most field surveys
therefore depend heavily on human interpretation which may cause subjective differences
among assessors as well as over time. Meteorological data obtained from local weather
stations are important aids in site management (e.g. irrigation steering) as well as
inevitable inputs for crop models. A restriction is that meteorological data is a model
input and not a direct measure of the internal state (health) or output (yield) of a
production system (Thornley & France, 2007). Finally, nutrient analysis provides an
objective and direct assessment of the plant state but is generally restricted to a limited
number of samples due to the high costs.
The interaction of sunlight with biomass through absorption and scattering reveals many
properties of vegetation biochemistry and structure (Liang, 2004) that are expressions of
the plant’s internal state. This turns remote sensing into a monitoring tool of excellence
due to its fast and objective, quantitative nature and the spatial and temporal resolution
provided by present day sensors and platforms. Remote sensing technology demonstrated
its capability to derive key model parameters and variables (Moulin et al., 1998; Dorigo
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et al., 2007). Both active sensors (e.g. microwave or LiDAR1) and passive sensors,
measuring reflectance or thermal and microwave emission, have been used to monitor
agricultural systems (Dorigo et al., 2007), either on satellite or on airborne platforms.
Technological advances driven by demands from vegetation sciences and mineralogy
exploration have lead to the development of hyperspectral sensors that combine an
almost continuous spectrum in the 400-2500 nm domain with a high spatial resolution
(Goetz, 2009). Important efforts have been made in porting well-established relations
predicting leaf level biochemistry from spectroscopic measurements to their hyperspectral
equivalents at canopy and field levels (Goetz, 2009).
Hyperspectral and multi-spectral remote sensing have been widely used in the prediction
of chlorophyll content and related stresses (e.g. Haboudane et al., 2002; Zarco-Tejada
et al., 2004; Wu et al., 2008), in the estimation of leaf biomass (Baret & Guyot, 1991;
Haboudane et al., 2004) and in the detection of water status (e.g. Cheng et al., 2006;
Colombo et al., 2008; Suarez et al., 2010). Less common examples are the prediction of
phenology (Sakamoto et al., 2005), the prediction of harvest date (El Hajj et al., 2009)
and ‘direct’2 yield estimation (Somers et al., 2010b).
Notwithstanding the large potential of hyperspectral sensors, their scope is limited
to the retrieval of a set of biochemical or structural variables in plant canopies that
can be detected in the optical domain. This set inevitably only reflects a part of a
plant system’s full physiological functioning. Changes that are not optically detectable,
such as alterations in plant hormone balance, or the exact causality of stresses (e.g.
is chlorosis caused by nutrient deficiency or by pathogens?) require detailed in situ
measurements. Hence, integration of in situ data with hyperspectral remote sensing is
crucial: it combines the high spatial and spectral resolution offered by remote sensing
technology with the more accurate analysis of in situ sensors.
The realization of this approach in horticultural production systems faces many challenges,
that can be related to (i) production modeling, (ii) remote sensing technology and (iii)
the establishment of time series of in situ and remote sensing data.
i. On the modeling side, the traditional relation between biomass production and
system output, often expressed by a harvest factor, that has resulted in successful
yield predictions for annual crops (Doorenbos & Kassam, 1986) is often not valid for
perennial fruit crops. This is due to the larger number of external (e.g. climatology,
drought) and internal factors (e.g. carbohydrate and hormonal balance) that can
affect harvest quality and quantity (Davies & Albrigo, 1994; Albrigo et al., 2002;
Goldschmidt & Lakso, 2005).
ii. Remotely sensed signals are affected by sensor noise, atmospheric interaction and
geometric distortions (Lillesand et al., 2008). With the exception of very high
resolution satellites, all space-borne data contain varying mixtures of different cover
types, whereby orchards are composed of tree crowns, soils and weeds (Somers,
1Light Detection And Ranging
2‘Direct’ here refers to methods that attempt to detect the presence of (mature) fruit on the trees rather
than modeling approaches that derive yield from observations related to tree health such as chlorosis or water
stress.
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2009). In addition, remote sensing observations are restricted to the expression of
a plant’s physiological state through only leaf biochemistry and canopy structure.
Furthermore, the up-scaling of leaf reflectance to the canopy level is not entirely
understood and often not unique (Combal et al., 2003).
iii. Finally, the realization and interpretation of time series of remotely sensed or in
situ collected data requires robust and sensitive techniques and algorithms in order
to capture subtle but important trends.
This dissertation aims at bridging some of these knowledge gaps and at initiating the
bottom-up modeling from the expression of physiological state in leaf biochemistry to
at-satellite detected trends and changes.
In the following sections, different model types are discussed. Figure 1.1 presents an
outline of this chapter. After an introduction on modeling concepts and definitions,
biophysical models are treated, starting from the basics of carbon-assimilation (biomass
production) and subsequently extending with relations required for horticulture, for
which citrus will serve as a proxy. Subsequently the use of remote sensing technology
for the retrieval of biophysical variables and parameters is treated with a focus on
hyperspectral remote sensing. Thirdly, different in situ sensor systems are presented
with an emphasis on their complementary role to remote sensing data. The final
integration section deals with strategies to assimilate these data into operational or
conceptual production models. The introduction chapter concludes with the description
of the research framework, objectives and hypothesis and an outline of the following
chapters.
Figure 1.1: Outline of the introduction chapter. Numbers refer to section numbering.
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1.2 Modeling: definitions and concepts
1.2.1 Models, variables and parameters
In this dissertation, models are discussed and developed that simulate plant production
systems as well as models that simulate the propagation of light (radiative transfer)
through these vegetative media. This section presents an overview of the main model
types, uses, characteristics, assumptions and limitations.
Intrinsically, all models are formal representations of reality, simulating observable
processes or systems (Verstraeten, 2006). By reconstructing reality, a model can pave
the way to obtain a better understanding of a system. A mathematical model primarily
consist of a set of mathematical relationships, which represent a system’s state or
dynamical behavior.
In model building, the terms ‘variable’ and ‘parameter’ are used. In the context of
biophysical models, a variable is a system property that changes as part of system dy-
namics, such as water content or stomatal opening. Within the scope of this dissertation,
parameters are considered as fixed system properties for the duration of the model run
time. Model variables may be categorized as state, rate or driving variables (Thornley
& France, 2007). State variables are those variables that completely describe the state
of a system being modeled, at a given moment in time. Rate variables define the rate
at which a process occurs, such as the rate of absorption, photosynthesis, growth or
transportation processes. Driving variables are external to the system being modeled,
but impact the system’s dynamics, such as many meteorological variables.
Whether a property is considered as a variable or as a parameter therefore depends on
the context in which it is used. For the modeling of water relations on a daily or weekly
scale, total leaf area may be a parameter, while for the modeling of seasonal phenology
it is a variable that changes due to vegetative flush and leaf drop. In the context of
radiative transfer modeling, we adhere to common terminology and use parameter rather
than variable for all system properties.
1.2.2 Plant production models
Plant production models attempt to predict economic output of agricultural production
systems, in terms of quantity or quality. Depending on their nature, these models
can be categorized as deterministic or stochastic, dynamic or static and empirical or
mechanistic (Thornley & France, 2007). Deterministic models make definite predictions
for quantities, whereas stochastic models include randomness by simulating stochastic
distributions of variables. In dynamic models, state variables change over time, even
if the final model prediction (e.g. yield) is static. Most plant production models are
dynamic since they consider the dynamics of biological processes: growth, senescence,
transpiration, etc..
Empirical models - also known as black box models - are data driven and use statistical
relations to describe system responses to a set of input variables, without necessarily
following the nature of the physical interactions. These models can be static or dynamic.
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Examples of dynamic empirical models, fitted on time series of measured inputs and
outputs, are state space models such as ARMAX3 or Box-Jenkins (Box & Jenkins, 1970)
that model the dynamic behavior of linear time-invariant systems. Nonlinear dynamic
models can be modeled using Neural Networks (e.g. NARX or NARMAX models).
Mechanistic models, conversely, attempt to describe causal relations between variables
by means of known physiological processes. This implies an understanding (causality)
or explanation of the modeled phenomena. Often mechanistic models rely on two levels
of description (e.g. organ - plant or plant - population) in which the higher level is
mainly mechanistic while the lower level relies more on a combination of mechanistic
and empirical relations since not all (sub)processes are exactly understood (Thornley &
France, 2007).
Table 1.1 presents an overview of the characteristics of both model types. Which type of
model is the more adequate depends on the intended purpose, on the nature of the system
and on the type and quantity of the collected data. Within this dissertation, the focus is
on understanding of the functioning of horticultural production systems as a whole rather
than on individual processes or on operational use. In addition, horticultural systems
are open systems with widely varying dynamics. ‘Open’ refers to the many external
factors (meteorology, pests, undocumented management interventions) that influence
these systems. This increases the demands for both empirical and mechanistic models
and increases their complexity and the amount of calibration data. In horticultural
systems, processes exist with fast (e.g. water relations) or slow (alternate bearing)
dynamics. The system output (yield quality and quantity) is only measured at harvest
time, which is at yearly intervals for most non-tropical fruit crops. Establishing large
times series as required for empirical time series models would take many years or even
decades of dedicated measurements. Such datasets were not available within the scope
of this research. Mechanistic models in contrast are less demanding for the length of the
dataset, although they often require substantially more variables to be measured.
For the above reasons, the use of biophysical models was preferred within the specific
context of this dissertation. No claims are made for which type of model is more adequate
to study horticultural systems in general.
3Auto-regressive moving average model with exogenous inputs
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Table 1.1: Overview of the main properties of empirical and mechanistic dynamic models.





Long time series of a limited
number of variables
Shorter time series of a large
number of variables
Model structure Data driven Physically based or mixed
Prediction power Optimal for given system if
sufficient data
Depends on validity of
assumptions and data
Model complexity Increases with information
content of input and output
variables (Young, 1993)
Generally large
Portability Limited: only interpolation
within input data rang;
extrapolation is uncertain (Ji,
2008)
Model relations are often




Purpose Applications, study dynamics of
unknown processes
Research, understand




As part of mechanistic model Yes, if variables are compatible
(units, meaning)
Scale Mainly individual processes
with limited external
(uncontrollable) influence




Validation data Validation data + physically
realistic parameter bounds
1.2.3 Radiative transfer models
Radiative transfer (RT) models simulate the propagation of light through media. When
applied to vegetation, they are named leaf optical models for RT at the leaf level (chapter
3) or canopy models, for RT of canopies (chapter 4). Many canopy models are capable
of modeling not only (bidirectional) canopy reflectance, but also light extinction and
absorption and albedo (hemispherical reflectance) (Widlowski et al., 2007). RT models
are static by nature, although they can be used in a dynamic context if the dynamics of
their inputs are known, e.g. the use of trends in leaf area index4 (LAI) to model changes
in canopy reflectance. They can be categorized according to their mathematical nature
and to the level of abstraction provided. Analytic models use abstract representations of
the distribution of vegetative elements (leaves in a canopy and, at a higher level, trees
in a stand or in an orchard). Knowledge of the exact position of each canopy element
is not required and stochastic distributions are applied to describe parameters such as
the spatial distribution of trees in a stand or the angular distribution of leaves in a
4LAI is here defined as the ratio of total one-sided leaf area per unit land cover area.
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tree (leaf angle distribution or LAD). Explicit 3D models conversely use an exact 3D
representation of all vegetative elements, often including the modeling of the position
and shape of each leaf. Such methods have been extended to the cellular level to simulate
within-leaf light propagation (Govaerts et al., 1996). An exact solution to the light
transfer in these models can only be obtained using ray-tracing techniques. These
implement Monte Carlo sampling to follow the path of large numbers of individual light
rays (photons) throughout a scene (Pharr & Humphreys, 2004).
RT of the atmosphere is modeled using atmospheric models, that consider the scattering
and absorption of incident and reflected light by the different gasses the atmosphere is
composed of.
In vegetation remote sensing, atmospheric, canopy and leaf RT models can be integrated
to simulate at-sensor measured radiance (Verhoef & Bach, 2007) or - inversely - to obtain
vegetation biophysical or structural properties from measured radiance.
Usability of RT models to model system dynamics such as the evolution of canopy
reflectance throughout a day or a growing season depends mainly on the nature of the
models. For analytical models that have a discrete number of parameters, dynamic
modeling depends on the knowledge of the dynamics of the critical parameters such as
solar elevation, LAI or leaf angular distribution (LAD). For models with an explicit 3D
description of canopy structure, such as Monte Carlo Ray-tracing (MCRT), dynamic
modeling may be much more challenging if canopy structure dynamics are considered:
for each model time step, a new 3D description may be required.
1.3 Biophysical models
1.3.1 Models driven by biomass production
Historically, the focus in agronomic model development for many annual crops depends
on the correct estimation of biomass production, governed by the use of photosynthet-
ically active radiation to assimilate carbohydrates. The progressive accumulation of
photosynthesized biomass makes these models inherently dynamic. Most have been
targeted at annual crops, starting with zero or a small initial biomass that builds up
throughout a single growing season. A fraction of this biomass will constitute the yield.
The main assumption is thus that a direct and almost linear relation exists between
biomass production (B) and yield (Y) via the definition of a harvest index (HI) (Steduto
et al., 2009):
Y = B HI (1.1)
Three growth engine categories have been developed to describe this assimilation,
representing different trade-offs between model empiricism and mechanistic behavior:
carbon-driven engines, solar-driven engines and water-driven engines (Steduto, 2003).
i. Carbon-driven engines provide the most detailed description of carbon assimilation
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as presented in figure 1.2 (dashed line). This includes the dynamic modeling of
radiation interception, subdivided into different canopy layers and taking into
account leaf density and leaf angular distribution. Biomass production is steered
by a crop-specific photosynthetic response curve that establishes a relation between
intercepted radiation by a canopy element and its production rate of carbohydrates.
This approach has been followed by widespread crop models such as WOFOST
(WOrld FOod STudies) and SUCROS (Simple and Universal CROp Simulator)
(Bouman et al., 1996).
ii. Difficulties in parametrization and obtaining detailed descriptions of canopy struc-
ture lead to simplifications in which the relation between solar radiation and
biomass production is given by a single radiation use efficiency (RUE) parameter
(gray arrow). Solar driven models use the same path as carbon driven models.
Well-known examples are CERES (Crop Environment REsources Synthesis, Ritchie
& Otter, 1985) and EPIC (Erosion Productivity Impact Calculator; Williams et al.,
1983). Both model categories are based on biophysical relations. Research evidence
exists, however, that RUE or photosynthetic response curves may show inconsistent
and non-linear behavior over different crop types, locations and years (Sinclair &
Muchow, 1999).
iii. The third category of growth engines is based on the relation between transpiration
and biomass production (dotted lines). After measuring or modeling crop tran-
spiration, a crop specific water productivity (wp) term creates the relation with
biomass. This was found to exhibit a robust and conservative behavior even under
conditions of mild stress (Steduto et al., 2007). The Aquacrop model (Steduto
et al., 2009) provides an implementation of this method.
Figure 1.2: Driving forces for biomass production. RUE: Radiation Use Efficiency, wp: water
productivity.
Most crop growth models will take into account additional sub-models that impact one
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or more relations in the scheme of figure 1.2.
A soil-crop water balance sub-model can evaluate the fluxes of water caused by rainfall,
irrigation, capillary rise, drainage, soil evaporation, transpiration and run-off (Thornley
& France, 2007). This allows simulation of the effects of water shortage on biomass
accumulation e.g. through leaf conductance or - for severe stresses - through leaf loss.
In addition, it can simulate the impact on different nutrient transport processes.
Partitioning sub-models take care of the allocation of synthesized carbohydrates to
respiration, growth or storage in different plant compartments (leaves, stems, roots and
fruit) and are therefore critical in the determination of fruit quantity and quality if the
production system is source-limited.
Mineral nutrient sub-models are often limited to nitrogen, but can include different
sources (soil layers, plant, organic and inorganic fertilizer, fixation) as well as differentia-
tion in nitrates and ammonium (Jones et al., 2003; Stöckle et al., 2003). The impact of
deficiencies can be modeled through reductions in photosynthetic activity or through
changes in the partitioning.
A senescence sub-model can simulate the effect of aging and leaf drop on photosynthetic
efficiency and resource partitioning (Jones et al., 2003).
Crop phenology sub-models simulate the development of reproductive organs (fruit or
grains) that generally form the harvestable part (Y in equation 1.1). In its simplest form,
phenology is weather driven in the early stages of development (induction, anthesis,
fruit set) with an emphasis on negative feedback by both high and low temperatures
(Albrigo et al., 2002; Albrigo & Saúco, 2004), but depends on the supply of nutrients
(carbohydrates and minerals) and water in the later development stages (Henton et al.,
1999). Since fruit in later development stages can be strong sinks (Goldschmidt, 1997),
a phenology sub-model may need two-way relations: supply from the plant will affect
fruit growth, but growth and presence of fruit can impact partitioning of resources and
thus inhibit growth or reserve accumulation in other organs.
Additional refinements are possible by considering within-plant competition (allocation
to leaves, fruit, roots and stems), between-plant competition (crop versus weed or
inter-cropping) or by integrating population models for pests or diseases (Thornley &
France, 2007).
1.3.2 Models for fruit tree horticulture: required extensions
Fruit tree crops share an important number of commonalities with annual crops (Gold-
schmidt & Lakso, 2005): most processes occurring in annuals will occur in fruit tree
crops. Therefore knowledge gathered on the modeling of annual crops provides a first
basis to develop more advanced models for perennial fruit crops. Such models may be
developed as extensions of existing biophysical models, rather than being created anew.
The main difference between annual and fruit tree modeling is the increased overall
complexity of the latter and the higher impact of the fruit quantity and quality in the
model development. Yield can no longer be considered as an almost constant fraction of
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seasonal biomass production (Steduto et al., 2009).
Stand-alone models have been developed for different aspects of the fruit production
process, such as flowering intensity (Albrigo et al., 2002), fruit growth (Bustan et al.,
1999) or radiation interception in orchards (Oyarzun et al., 2007). Their integration
in existing encompassing models may fill in important requirements for fruit trees.
The following paragraphs summarize the required extensions and refinements with an
emphasis on the citrus production system.
Light interception
A common approach to describe light interception is to represent a field or block by a
horizontal isotropic medium and assume a negative exponential light extinction (Beer-
Lambert law). This may be a reasonable approximation for closed canopies (Thornley &
France, 2007), but needs refinements for orchards that can form discontinuous canopies
with specific row orientations. Detailed interception models have been developed e.g. by
Oyarzun et al. (2007) for different orchard configurations from free standing to hedgerow
or by Pieri (2010) for vineyards. In both models, orchard trees or rows are represented
by simple solid primitives in a fixed geometric configuration and the main fluxes of
radiation are quantified. Further refinements and more accurate simulations may need
the use of explicit geometric models in a ray tracing environment (Widlowski et al.,
2007; Van der Zande et al., 2010).
Photosynthesis
Additional refinements can be made for fruit trees by discriminating different leaf age
classes, each of which may have a different radiation use efficiency. The curvilinear
response (saturation) of carbon assimilation to photosynthetically active radiation (PAR)
is also present and needs to be taken into account, certainly for C3 plants such as citrus,
that have lower saturation levels (Taiz & Zeiger, 2006). Shade and sun leaves may
require separate treatment, each with their own response curves.
Carbohydrate sink-source relations
In fruit trees, the partitioning of assimilated carbohydrates may follow different rules
according to supply/demand ratio and development stage. Under conditions of sufficient
supply, each sink can receive its share according to its potential growth, and organ
growth is not source-limited (Goldschmidt & Lakso, 2005). Positive feedback may even
exist to reduce photosynthesis (Neales & Incoll, 1968). When demand exceeds supply,
a partitioning system is required that assigns the assimilates, depending on their sink
strength. This is identical to annual crops but with additional emphasis on storage
compartments. Sink strength of fruit was found to vary through development, with
flowers and young fruitlets having a low priority and expanding leaves and older fruit
having a high priority (Bustan & Goldschmidt, 1999). For fruit trees with abundant
flowering and where only a small fraction of the flowers develops into fruit, non-productive




Adaptation of trees is best known where it concerns their response to either hot or cold
temperatures. Cold hardening in citrus was found to be regulated by increased sugar
contents in leaves in late autumn to protect against freezes (Yelenosky, 1975).
Ribeiro (2007) discusses evidence of acclimation of the photosynthetic apparatus to
increasing growth temperature as well as adaptive photo-protection mechanisms for
extreme high temperatures.
Phenology: flowering, fruit set and fruit enlargement
Phenological modeling of fruit trees may require separate sub-models for each of the
following stages: initiation/induction, flowering, pollination, fruit set, physiological drop
and the different phases of fruit growth: cell division, differentiation, enlargement and
maturation (Davies & Albrigo, 1994). For the induction stage that determines flowering
intensity, (sub)tropical species may require a cold or drought stress period (Albrigo &
Saúco, 2004) that can be modeled by accumulation of chilling units (Albrigo et al., 2002).
Additionally, a minimum threshold level of reserve carbohydrates seems to be required
(Ruiz et al., 2001). Flower duration and fruit development time is often modeled in
thermal time units such as growing degree-days. Physiological drop and the subsequent
fruit growth in citrus were found to depend on carbohydrate availability (Ruiz et al.,
2001; Goldschmidt & Lakso, 2005).
Fruit quality aspects
Fruit market value is determined by a large number of quality factors. For processed
fruit, the major factor is the juice quality. For fresh fruit, also aesthetic aspects such
as peel color and appearance, fruit size, shape, toughness and juiciness of the pulp are
important (Davies & Albrigo, 1994). Quantitative description of juice quality focuses
mainly on relative quantities of soluble solids (TSS) and total acidity (TA) (Davies
& Albrigo, 1994). Quality aspects can depend on other plant biophysical processes
(certainly for juice content) or can be climatology-driven, such as wind scarring or color
break.
In horticulture, market demands concern not only the ‘average quality’ but also the
variability in fruit quality, which may be modeled through stochastic rather than
deterministic models (Gary et al., 1998).
Management
Orchard management has an impact on almost all aspects of the production process
and established biophysical models often contain dedicated management modules (Jones
et al., 2003; Stöckle et al., 2003). Fertilizer applications and irrigation scheduling for
orchard trees can be modeled through existing models by changing system nutrient and
water inputs. Pruning can be modeled by changes in leaf area and light penetration
parameters. Harvest (date of harvest) can be modeled by the removal of the fruit as a
13
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resource sink. In contrast, no quantitative descriptions were found to model the effect
of hormonal applications to control fruit drop, flowering intensity, fruit set, thinning,
fruit senescence or peel coloration (Spiegel-Roy & Goldschmidt, 1996; Lovatt & Sciences,
2010).
Carry-over effects
The perennial nature of tree crops has as a consequence that the previous year’s
accumulated history (pests, stresses, climatology) can influence the current year’s
production. Severe stresses such as those induced by hurricanes may impact tree
physiology and fruit for multiple years (Albrigo et al., 2005). In fruit tree crops, certain
cyclic carry-over effects have been described as ‘alternate’ or ‘biennial’ bearing (Davies
& Albrigo, 1994) in which trees alternate heavy crop load (‘on’) years with low crop
load (‘off’) years. The underlying mechanism, though not fully understood, is believed
to be steered by carbohydrate reserves (sugars and starch) (Goldschmidt & Golomb,
1982) and/or by the inhibitory effect of the previous year’s fruit present on the trees
(Verreynne & Lovatt, 2009). Other carry-over effects include the regrowth after pruning
or hedging. Finally, tree death (disease, frost) and replanting may be described as an
extreme case of carry-over.
1.3.3 Citrus as a pilot model crop
Throughout this dissertation, orange (Citrus sinensis L. [Osbeck]) will be used as the
pilot crop for the development and testing of both biophysical and RT models. Reasons
as discussed below are (i) the importance of management, (ii) the extensive existing
knowledge base, (iii) the economic importance, (iv) the phenology of citrus, and (v) the
climatic conditions.
i. The high incidence of continuous management practices in citrus orchards, e.g.
with respect to irrigation, fertilization, pruning, pest and weeds management and
fruit picking (Davies & Albrigo, 1994; Spiegel-Roy & Goldschmidt, 1996) creates
many opportunities for the grower to control in real time the production using
information from modeling efforts.
ii. Intensive research on all aspects of the citrus production processes has lead to a large
knowledge base. Noteworthy are the existence of extension and research centers
such as the University of Florida Citrus Research and Education Center (CREC),
grower’s organizations such as the Citrus Research International (Southern Africa)
and the four-yearly conference of the International Society of Citriculture.
iii. Citrus is one of the important fruit crops worldwide. According to FAO statistics
(FAO, 2009), the 2008 total fresh and processed citrus production amounted to
127 million tonnes of which 68 million tonnes were oranges. Technology transfer
of relevant modeling results may thus be turned into large economic benefits.
iv. Since citrus is an evergreen crop, the year round monitoring of phenology and
physiology is possible. Unlike many crops grown under tropical conditions such as
14
1.4. REMOTE SENSING DATA
banana (or non-commercial citrus), most commercial citrus phenology progresses
simultaneously through distinct growth stages (flowering, fruit set and color break,
etc.), that can therefore be separately monitored.
v. Finally, the majority of commercial citrus is grown in the citrus belt, extending
between 20° and 40° latitude on both Northern and Southern hemispheres (Spiegel-
Roy & Goldschmidt, 1996). This covers mainly Mediterranean and sub-tropical
climates with less cloud cover (Hahn & Warren, 2007) and higher intensity of solar
radiation than in temperate climates. This facilitates optical remote sensing data
acquisition.
1.4 Remote sensing data
Remote sensing technology is now often used as an instrument to retrieve information
on vegetation status for use in biophysical models. While at present the emphasis lays
on hyperspectral systems, other approaches have been documented as successful over the
years. First an overview is presented of these sensor technologies. Second, the platforms
on which these sensors are mounted are described in the view of biophysical modeling
needs. Finally, the different variables and parameters that can be retrieved from such
technologies are discussed.
1.4.1 Sensor technologies
Depending on their spectral bandwidth and number of bands, sensors are categorized
as panchromatic (single broad band), multi-spectral or hyperspectral, where bands are
sufficiently narrow to consider the retrieved signal as a continuous spectrum.
Optical reflective
Optical remote sensing detects the reflectance of earth surfaces. It contains the integration
of scattering and absorption of electromagnetic radiation between 350 and 2500 nm
(Rencz, 1999). This encompasses the higher wavelengths of the ultraviolet (350-400 nm),
the visible (400-700 nm), near infrared (NIR or IR-A, 700-1400 nm) and short-wave
infrared (SWIR or IR-B, 1400 - 3000 nm)5. The differences in chemical bonds and
atomic composition of different molecules leads to differences in resonance wavelengths at
which light is preferentially absorbed (dissipative absorption) (Hecht, 2002). Combined
with the broadening of these resonance wavelenghts due to tight packing of molecules in
solids and liquids, it forms the basis of spectral differences in molecular absorption of
organic and inorganic materials.
Light that is not absorbed and interacts with molecules is scattered, i.e. redirected
without loss of energy, which leads to transmission and reflectance. An important
process here is diffraction of light (Snell and Fresnel laws) which is the basis of optical
light scattering. Different spatial organizations of materials, at microscopic (e.g. tissue
5This manuscript will adhere the International Commission of Illumination (CIE) definitions. In other
domains such as astronomy, near-infrared is more commonly defined as the 700-5000 nm region.
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organization within a leaf) and macroscopic levels (organization of leaves in a tree or
trees in a stand) determine the overall scattering behavior (Liang, 2004). This in turn
determines the fraction of incident light that is reflected and retrieved by remote sensors.
At-sensor measured radiance (often converted to reflectance factors) therefore contains
information on vegetation structure and biochemical composition. Different processes
and technological limitations however limit the accuracy by which both can be retrieved
(Lillesand et al., 2008). In sequential order these are:
• Atmospheric scattering (Rayleigh and Mie scatter) and absorption of incident
light, respectively leading to diffuse skylight and atmospheric absorption windows.
• Overlapping spectral signatures of different biological materials and spectral
similarity of different canopy structural changes (e.g. changes in leaf angle or total
leaf area).
• Light on the return path to the sensor can also be absorbed or scattered (path
radiance)
• Optical sensors rely on the conversion of electromagnetic radiation to electric
current, which is influenced by noise (expressed as the signal-to-noise ratio) and
sometimes bias (stray light, dark current).
• Finally, positional accuracy, lens distortions, bandpass and spatial point spread
(‘blurring’) of sensors need to be taken into account.
The combination of these processes hampers an accurate retrieval of structural and
biochemical information from (vegetative) targets. This is often referred to as an ill-posed
inversion problem (Liang, 2007).
Fluorescence
Fluorescence is the re-emission of absorbed electromagnetic radiation at different (higher)
wavelengths. Chlorophyll fluorescence is a photo-protective mechanism - next to non-
photochemical quenching - dissipating excess energy that is not used for photosynthesis
(Taiz & Zeiger, 2006). The amount of fluorescence relative to the incident light intensity
(or change in light intensity) is used as a measure of vegetation health. The complexity
of the process and the small magnitude of the fluorescence signal (peak at 683-687 nm)
superposed on the reflected radiation at the same wavelengths are major challenges
for applications in remote sensing (Miller et al., 2005). Fluorescence is successful for
monitoring vegetation health using contact measurements (fluorimeters) and short range
sensing (Delalieux et al., 2009).
Thermal emission
Thermal emission of earth surfaces including vegetations (temperature around 300 K),
occurs in the 8-14 µm range. An important source of vegetation temperature differences
is caused by differences in canopy water content. The high thermal capacity of water
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combined with the process of evaporative cooling results in overall lower temperatures
for well watered vegetations on warm days (Lillesand et al., 2008). Major applications
include the detection of vegetation water stress (Pinter et al., 2003) and the calculation
of energy budgets for biomass accumulation (section 1.3.1).
Microwave
Active microwave remote sensing relies on sensors emitting radiation in the range of 1
mm - 1 m and collecting the return signal. Passive microwave sensors collect thermally
generated microwave radiation emitted from the earth’s surface, mainly between 1.5
mm and 0.3 m. The major advantage is the large penetration capacity of microwaves
through clouds and haze. Major challenges are the more complicated analysis of radar
images due to oblique viewing and low signal-to-noise ratios due to the small magnitude
of the emitted or returned signals. Applications in vegetation sciences include canopy
structure and vegetation/soil water content retrieval (Wigneron et al., 1997; Lillesand
et al., 2008).
LiDAR
Light Detection And Ranging (LiDAR) instruments emit pulses of laser light and detect
the time of pulse return to obtain distance information between objects and the sensor
(Lillesand et al., 2008). Ground-based and aircraft-mounted LiDAR instruments have
been used for topography and vegetation structure mapping.
1.4.2 Platform-sensor combinations
The range of applications for different sensors not only depends on the sensor spe-
cifications such as wavelength range and signal-to-noise ratio, but also on platform
specifications. Different aspects important for the sensing of vegetations are discussed
here, with a special reference to citrus orchards,.
Spatial resolution
Production monitoring in agriculture requires observations at least at the field level
so that pixel sizes need to be adjusted to size and shape of the fields. A Geographic
Information System (GIS) analysis in two different citrus production regions, Lake
Alfred, Florida, USA and Citrusdal, Western Cape province, South Africa (chapter 7),
revealed that observations at the field scale require maximum pixels sizes between 20
and 30 m to avoid large admixtures with neighboring fields, even without considering
adjacency effects (Richter et al., 2006) and sensor spatial point spread. For larger fields,
within-field heterogeneity (e.g. caused by slopes or soil texture gradients) may be taken
into account. At this scale level, individual pixels are still composed of mixtures of tree
crowns, soil and weeds (Somers et al., 2009c), requiring the use of unmixing algorithms or
advanced canopy modeling to extract information from only the tree crowns. Only when
pixel sizes are smaller than the tree scale do observations from pure canopy reflectance
become feasible. A simulation analysis in chapter 7 estimates these threshold pixel sizes
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Table 1.2: Typical duration of phenological and physiological processes in citrus
Process Duration Region Reference
Bud development to full
bloom
54-88 days Florida Valiente & Albrigo,
2002
Full bloom to end of
flower drop




± 17 days Florida Bellows et al., 1989
Phloem loading and
unloading
< 1 day Taiz & Zeiger, 2006
Tree wilting after
withholding irrigation
3-5 days Florida Albrigo, 2000-2002
(unpublished)
6 days South Africa,
Stellenbosch
Dzikiti et al., 2010





14-17 months Santa Paula,
California
for typical citrus plantations around 2 m in the Lake Alfred area and around 1 m in
Citrusdal.
Temporal resolution and acquisition time
Required temporal resolutions for monitoring applications depend on the nature of the
process or stress (e.g. flowering versus fruit growth; water versus nutrient stress) as well
as on the goals (monitoring for yield prediction or early warning anticipating the stress).
Exact time durations in physiology are hard to define as many physiological processes
are highly impacted by temperature, so that the concept of thermal time, expressed
in degree-days is more common (Spiegel-Roy & Goldschmidt, 1996). Table 1.2 lists an
overview of indicative durations of processes in citrus. Short duration processes such as
rapid wilting under severe water stress may be hard to monitor considering (near)nadir
revisit times of present and future multi-spectral and hyperspectral satellites (e.g. 16
days for Landsat, 23 days for EnMAP6, 26 days for SPOT7-5). Revisit times can be
reduced by constellations of satellites or by off-nadir viewing.
Most low earth orbiting (LEO) satellites have overflight times between 9:30 and 10:30
local solar time (LST) (Campbell, 2002). This may impose restrictions on the monitoring
of processes with diurnal dynamics such as evapotranspiration or phloem carbohydrate
loading and unloading.
6Environmental Mapping and Analyzing Program
7Satellite Pour l’Observation de la Terre)
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Bidirectional reflectance
For most earth’s targets, the reflected radiance at a specific wavelength depends both
on the incident angle and on the observation angle. The combined effect is functionally
expressed as a bidirectional reflectance distribution function (BRDF) (Schaepman-Strub
et al., 2006). The fixed overflight time of LEO satellites implicates that the solar
elevation angle at the time of acquisition will vary throughout the year, which will thus
impact the measured signal in a time series (see chapter 5).
The row structure of orchards presents an additional complexity, making the BRDF
anisotropic (Pharr & Humphreys, 2004) i.e. it also depends on the geographic orientation
of the rows and not only on the azimuthal difference between incident and viewing
directions (see chapters 4 and 7).
Off-nadir viewing
Limitations in revisit time as well as the use of sensors with a smaller field-of-view have
lead to the the development of across and along-track pointing capabilities for satellites
enabling off-nadir observations. Although off-nadir viewing complicates mapping ap-
plications, researchers also found new ways to exploit the specific nature of off-nadir
data. This includes the generation of stereo pairs or the retrieval of vegetation (often
forest) structure parameters (Widlowski et al., 2004) using knowledge on bidirectional
reflectance. Specifically for orchards, off-nadir viewing has interesting potential to de-
crease the influence of soil and weeds admixtures and improve the monitoring of canopy
physiology and phenology. Chapter 7 describes how this can be achieved by observing
from directions with an angle between 45° and 90° relative to the row orientation.
1.4.3 Model variable retrieval
A number of variables reflecting the state of agricultural production systems can be
retrieved with remote sensing technology. Retrieval may depend (i) on molecules in
leaves with known light absorption or re-emission features (pigments, carbohydrates,
proteins and water), (ii) on the computation of energy budgets (light absorption, albedo),
or (iii) on direct or indirect changes to the canopy structure. Additionally, information
on weed dispersion or soil moisture may be obtained as model inputs. The following
section presents an overview.
Retrieval of leaf biochemistry
Chlorophyll
Substantial research has been carried out on canopy and leaf chlorophyll contents
detection. Most work is based on the 550 nm and 700-750 nm regions where chlorophyll
absorption for healthy vegetations is not saturated (Kumar et al., 2001). Time series
of chlorophyll content may have potential to detect time and intensity of vegetative
flushes in evergreens (see chapter 5). This can be considered as an alternative to spectral
detection of changes in LAI due to new growth since many indices become saturated
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at high LAI values (Delalieux et al., 2008) that are common in citrus trees (Davies &
Albrigo, 1994; Spiegel-Roy & Goldschmidt, 1996). Detection of chlorophyll content may
reveal nutrient deficiencies and occurrence of pests and diseases. In citrus, deficiencies
in nitrogen, potassium, sulfur, magnesium, iron, zinc and manganese are known to cause
chlorosis and leaf patterns of chlorosis (e.g. full leaf, interveinal, etc.) are associated with
specific deficiencies allowing field scouts to identify shortages prior to leaf analysis (Futch
& Tucker, 2008). Citrus greening (Huanglongbing, bacterial) and Phytophthora root rot
(fungal) are common infections causing leaf chlorosis. Since this type of information is
not available from remote sensing at the tree level, ancillary ground data is required for
symptom identification.
Differences in action spectra of chlorophyll a and b lead to slight differences in total
chlorophyll light absorption that could theoretically be detected by hyperspectral sensors.
Both chlorophyll types are often highly correlated (fixed ratios), but differences were
found to be relevant for (citrus) stress detection (Bondada & Syvertsen, 2003). No
successful processing or measurement technique has yet been developed to enable an
accurate differentiation between different chlorophylls (Feret et al., 2008).
Carotenoids
Different carotenoid molecules (carotenes and xanthophylls) absorb in the 400-480 nm
wavelength ranges (Kumar et al., 2001). Quantitative assessment of carotenoid contents
at the leaf and canopy levels is hampered by the high absorption of chlorophyll in
the same wavelengths (masking) leading to only moderate retrieval accuracies (Feret
et al., 2008, see also chapter 3) using existing techniques. Carotenoid pigments can
act as accessory photosynthetic or as photo-protective pigments (Taiz & Zeiger, 2006).
Chlorophyll-to-carotenoid ratios are used to express vegetation health (e.g. chlorophyll
breakdown during leaf senescence) and xanthophyll levels have been related to changes
in photosynthetic photon flux density (Sims & Gamon, 2002). In citrus, substantially
higher carotenoid levels were found in leaves exposed to high (but not damaging)
irradiance levels (Felicetti & Schrader, 2009a, see also chapter 5). At the canopy level,
the photochemical reflectance index (PRI) has often been related to the xanthophyll
cycle and carotenoid-to-chlorophyll ratios (Sims & Gamon, 2002).
Brown pigments (oxidized polyphenols)
Brown pigments are a group of molecules absorbing in the 400-850 region that are
synthesized during different stages of leaf senescence by oxidation or polymerization
of phenolics (Peñuelas & Filella, 1998). Specifically tannins are expected to play an
important role in brown coloration (Boyer et al., 1988). Early senescence stages in
sunburn affected citrus leaves were found to affect the reflectance spectrum slope around
800 nm (chapter 5). The diversity of polyphenols, each with difference molecular
structure and absorption spectra, hampers a quantitative spectroscopic assessment.
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Structural and non-structural carbohydrates and proteins
While LAI can be used as an indicative measure of primary production, the dry mass
content is also required to correctly estimate total accumulated dry mass. Good results
have been obtained at the leaf level for total dry mass (chapter 3). Discrimination
of different dry mass components (lignin, cellulose, hemi-cellulose, sugars, starch and
proteins) at the leaf level was not successful with model inversion (Fourty et al., 1996),
but statistical approaches were moderately successful for dried leaves (Jacquemoud
et al., 1995). Recent experiments revealed that non-structural carbohydrates (starch
and soluble sugars) in citrus can be retrieved with good accuracy, not only from dried
leaf spectra but also from fresh leaves (Devarrewaere, 2010). Considering their high
importance in the citrus production system (see section 1.3.2), the hyperspectral detection
of non-structural carbohydrates is treated in more detail in chapter 2. Research at the
canopy level shows promising results e.g. for lignin and nitrogen (Serrano et al., 2002).
Water
The broad water absorption bands in the near and short-wave infrared have been the
basis of applications for detecting canopy and leaf water contents. Good water content
estimates have been obtained at the leaf level (Jacquemoud & Baret, 1990; Feret et al.,
2008; chapter 3). Lower accuracies in the retrieval of canopy water content (expressed
as equivalent water thickness or EWT) may be attributed to interference of canopy
structure in the 800-2500 nm region (Colombo et al., 2008). In physiology research,
the relevance of water content as a measure of early stress detection however may be
questioned. While severely water-stressed vegetations lead to detectable changes in
canopy water content, mild levels of water stress that are most relevant for early warning
systems are harder to detect (Carter, 1991; Dzikiti et al., 2010). In addition, water
content of the underlying soil can lead to changes in retrieved signals that are hard to
separate from those induced by changes in the vegetation. Species-specific secondary
order effects of water stress such as changes in leaf angle, leaf curl, leaf facial orientation
and ultimately leaf shedding cause changes in vegetation structure that may be easier
and earlier to detect (see chapter 5). An important restriction for (space-borne) remote
sensing of water stress is the required temporal resolution, as also discussed in section
1.4.2.
Retrieval of energy budgets
Canopy light absorption
Light interception is often expressed as the fraction of absorbed photosynthetically
active radiation (fAPAR). Similar to NDVI and EVI, operational time series products
from different sensors exist, based on reflectance from visible wavelengths (400-700
nm), supplemented with NIR reflectance (Gobron et al., 2006). fAPAR can be used
to estimate gross primary production (carbohydrate assimilation) (Jung et al., 2008;
Verstraeten et al., 2010), but requires an estimate of radiation use efficiency. Most




Surface albedo estimates the total fraction of light reflected into any direction, taking into
account the bidirectional reflectance of targets (Schaepman-Strub et al., 2006). Surface
albedo does not directly express vegetation health or phenological status, but is a required
parameter to solve the energy budget for evapotranspiration-based production models
using thermal emission (Bastiaanssen et al., 1998; Verstraeten et al., 2008). Successful
experiments, in addition to those for annual crops, were reported for vineyards and
mango orchards (Teixeira et al., 2009).
Retrieval of canopy structure information
Leaf area
Detection on vegetation leaf area, most commonly expressed as the LAI is generally
based on near-infrared reflectance, where light scattering (reflectance and transmittance)
of healthy leaves is at its maximum due to limited absorption (Kumar et al., 2001).
The 3D arrangement (position, orientation and size) of leaves in a canopy leads to
multiple scattering whereby the overall reflectance increases with increasing LAI until
saturation occurs. Different indices have been developed to improve the saturation
point (Delalieux et al., 2008) or to reduce the influence of the soil background or woody
elements (Haboudane et al., 2004). Time series of indices sensitive to LAI, such as
Normalized Difference Vegetation Index or the MODIS8 Enhanced Vegetation Index
(EVI) are being applied to monitor vegetative phenology of crops and forests.
Crop load
Although yield prediction is a major topic in remote sensing, estimation of crop load for
fruit trees, which is often not well correlated with biomass production (see section 1.3.2),
is less common. Successful early predictions using canopy visible and near-infrared
hyperspectral reflectance are often based on measures of canopy vigor (e.g. Ye et al.,
2006 for citrus). A more direct method, based on the presence of fruit and their impact
on canopy structure, was developed by Somers et al. (2010b).
Detection of weeds
Specifically in orchards, very high resolution images can be used to map within-field
abundance and distribution of weeds (Ye et al., 2007) that may be in competition with
trees for resources and water.
Soil moisture
The identical absorption regions of water in both soil matrices and in vegetations is
expected to hamper the detection of soil moisture underneath evergreen vegetations
using optical remote sensing. For deciduous crops, soil moisture can be derived in the
8Moderate Resolution Imaging Spectrometer
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absence of vegetation (Muller & Décamps, 2000) i.e. before the start of the growing
season or using thermal remote sensing (Verstraeten et al., 2008).
Other parameters
Abundant research exists on the early detection of pests and diseases using remote
sensing through their expression in canopy vigor (e.g. leaf loss, chlorosis). Du et al. (2008)
present an integrated remote sensing and modeling application for the management of
citrus greasy spot (Mycosphaerella citri Whiteside).
1.5 In situ data
In commercial horticulture, different information sources are consulted to make man-
agement decisions such as the time and amount of fertilizer or hormone applications,
to determine fruit quality on the tree or to scout for infections. Current practices rely
heavily on a combination of field scouting, information of local or regional weather
stations, weather forecasts and a limited number of soil and leaf tissue analysis for
macro- and micro-nutrients. A substantial number of additional in situ measurement
systems have been actively researched and developed over the past decades. Some (e.g.
sap stream measurements) are more targeted to scientific research, while others (soil
moisture probes, optical contact sensing) are targeted for operational use. The following
section presents an overview.
1.5.1 Nutrient analysis
Analysis of nutrients, though costly, are currently the main source of information on soil
and leaf nutrient levels in agriculture and horticulture. In citrus, seasonal analysis of
leaf macro-nutrients of either spring flush (Florida) or fruiting (South Africa) shoots are
used to calculate fertilizer requirements (Davies & Albrigo, 1994). Soil nutrient analysis
can be used to monitor pH or levels of relatively immobile nutrients such as Mg, Ca, Cu
and P (Davies & Albrigo, 1994).
1.5.2 Meteorology
Weather station
Information from weather stations is instrumental in running dynamic biophysical crop
growth models. Key variables include rainfall (for water uptake, evapotranspiration),
temperature (for respiration, timing of phenological processes and frost prediction),
irradiance (for photosynthesis), air moisture and wind speed (for evapotranspiration
rate). Some instruments such as temperature sensors can be placed inside tree crowns.
Evapotranspiration (ET)




• The only exact ET measurements, limited to scientific research purposes for
individual plants, are provided by lysimeters (Allen et al., 1998), that are limited
to experimental conditions (potted trees).
• Energy balance methods require measurements or modeling of net radiation (net
radiometers), soil heat flux (heat flux plates) and sensible heat. Sensible heat can
be approximated at field scale using remote sensing thermal data (Bastiaanssen,
2000) or by measuring vertical temperature gradients.
• Alternative ET measurements are obtained by eddy covariance methods that
require vertical profiles of vapor pressure and temperature or wind speed (Allen
et al., 1998).
• A fourth approach exists in the calculation (Penmann-Monteith equation) or
measurement (lysimeters) of reference evapotranspiration (ET0) of an open pan or
grass surface. The crop ET is obtained through multiplication by a crop coefficient
(Kc) that expresses the crop’s cover, phenology and physiology Allen et al. (1998);
Steduto et al. (2009).
• An overview of alternative assessment methods and variants can be found in
Verstraeten et al. (2008).
1.5.3 Fixed instruments for point sampling
Sap stream
Measurement of sap flow can be achieved by different systems mounted on stems or
branches. Each system requires a heat source, warming a section of the stem, and
multiple thermocouples measuring the temperature difference or the speed by which
heat pulses propagate (Smith & Allen, 1996). Installation and maintenance costs and
the relatively large power supply for the heat source impose restrictions for large-scale
usage (Verstraeten et al., 2008).
Soil moisture
Volumetric soil moisture measured in the root zone of trees can be used to model
irrigation requirements. The high spatial variability of moisture, certainly under irrigated
conditions, makes this method questionable, certainly for single-point measurements
(Waldo & Schumann, 2009). An overview of assessment methods can be found in
Verstraeten et al. (2008).
1.5.4 Handheld instruments and field scouting
Field surveys
Field surveys are required in orchard management for timely detection of stresses
(nutrient, water), pests and diseases. Depending on the prevalence of diseases and
pests, systematic or occasional surveys are made. Field scout training can be required
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to identify specific symptoms or to detect vectors such as the Asian citrus psyllid
(Diaphorina citri Kuwayama) that transfers Huanglongbing in citrus (Rogers et al.,
2009). Use of a PDA and GPS can be an aid for large scale inventories.
Optical contact and close range
Optical contact measurements can be used to obtain non-destructive information on
leaf biochemistry. Simple handheld chlorophyll meters and fluorimeters have been
commercialized. Chlorophyll meters measure transmission or reflection from an active
light source in specific filtered wavelength bands (e.g. SPAD9 or CCM10). Fluorimeters
(e.g. OS-30p, Opti-Sciences inc.) detect the fluorescence response to a light pulse of
dark adapted leaves in time and magnitude to determine the activity and health of
photosystem II.
Leaf reflectance or transmittance spectra obtained from field portable spectrometers
can be processed to obtain biochemical information such as leaf chlorophyll, carotenoids,
water and dry matter contents (section 1.4.3, chapter 3). The overall better variable
retrieval accuracy of optical field measurements can be used to calibrate the same
variables extracted from remotely sensed data using similar technology, but extending
over a much larger area and time.
Contact spectra on fruit can be used to obtain objective measures on fruit albedo (e.g.
coloration of oranges for peel quality). Spectral detection techniques have been developed
to determine fruit maturity from contact spectra (e.g. Versita, 2007, for apple fruit).
1.5.5 Mobile mounted instruments
Instruments mounted on tractors, picking platforms or trucks can provide mobile mapping
options when coupled with GPS hardware. Monitoring and inventories may be combined
with standard orchard maintenance (spraying, fertilizer applications) to reduce the cost
of operation.
Fruit counts
Fruit counting can be achieved during harvest, using weighing, LiDAR or camera systems
that measure the mass or number of fruits in the tubs in real time (Tumbo et al., 2002).
Such systems can be coupled with mechanical harvesting equipment such as shake-and-
catch harvesters (Lee et al., 2009) to provide full automation. These systems, although
potentially providing exact yield values, are less accurate for mobile mapping at the tree
level, since yield coordinates are located in the row middles.
Truck mounted color camera systems, with threshold based fruit detection on digitally
processed images have been used to obtain reliable fruit counts weeks before harvest
(e.g. Zaman et al., 2009, for blueberry).
9Konika-Minolta inc.




Canopy size estimates such as tree height and crown volume are important in variable
rate technologies to apply optimal amounts of fertilizers and pesticides (De Baerdemaeker,
2001). When data are stored for later processing and mapping, these systems can also
provide input for modeling. Ultrasonic detection (Zaman et al., 2006a), cameras systems
and 2D terrestrial LiDAR (Rosell et al., 2009) have been successfully applied.
1.6 Integration of remote sensing and in situ data in
biophysical models
Biophysical models are designed to run on inputs of meteorology, management and
site and crop specific parameters, while the values of the (internal) state variables
are calculated by the model. A number of these state variables can also be derived
from remotely sensed data which provides opportunities to better calibrate models and
improve the model’s accuracy.
1.6.1 Need for integration
For a biophysical model that simulates all aspects of the production process, only the
final output (yield) is available for validation. This approach is however not realistic for
modeling of crops:
• The large number of inputs combined with difficulties in parametrization due to
a high spatial variability of variables and parameters and difficulties in correct
quantification of parameters (e.g. transport capacities) often prevents reliable
model calibration, with many parameters set as ‘best guesses’ based on research
of different varieties under different meteorological conditions. This leads to
accumulation of errors over the growing season (Thornley & France, 2007).
• For complex production systems such as horticulture, where many processes are
not yet fully understood (e.g. hormonal regulation of flowering), large deviations
between modeled and measured output can be expected (Goldschmidt & Lakso,
2005).
• Most models are developed for normal production cycles. Anomalies caused by
pests, diseases, freeze damage or physical damage (e.g. hurricanes) are often not
well predicted (Pinter et al., 2003).
The use of remote sensing offers options for intermediate model calibration: variables such
as LAI, chlorophyll content or water content can be derived from optical remote sensing
(see section 1.4.3) while they are simultaneously predicted as model state variables (see
section 1.2.1). This provides additional calibration opportunities as well as the possibility
to model spatial variability between or even within orchard blocks. The exclusive use
of remote sensing as a means of intermediate calibration however lacks the detailed
information provided by in situ instruments:
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• Remote sensing often only provides relative measurements of variables, certainly if
those are obtained through vegetation indices or statistical techniques, but even
inversion of RT models can produce biased estimates (Meroni et al., 2004). Ground
measurements on well identified index trees or index sites can be used to convert
relative measures to unbiased physical quantities.
• For short duration processes or during periods of continuous unfavorable weather
conditions (overcast skies), the temporal resolution of remote sensing can be
inadequate. In situ instruments measuring the same variable can be used for
interpolation in a time series (Moulin et al., 1998).
• In situ measurements may allow a more accurate retrieval of remotely sensed
parameters, e.g. knowledge of soil moisture and texture can help in more accurate
retrieval of canopy spectral reflectance from mixed pixels (i.e. containing factions
of tree canopy and soil) (Muller & Décamps, 2000; Somers, 2009).
• For many fruit tree crops, the presence of fruit is largely hidden under the top
layer of leaves (see chapter 5). Although the presence of fruit influences the canopy
reflectance spectrum either through structural changes or through alteration of the
canopy infrared light (Somers et al., 2010b), the majority of the fruit is not directly
observed. Information on fruit maturity or health can thus only be provided from
in situ measurements.
1.6.2 Assimilation strategies
Overview of existing strategies
Different strategies exist in the assimilation of remote sensing data for crop (or ecosystem)
production. The following list is based on an extensive review by Moulin et al. (1998):
i. Empirical models use statistical model building (e.g. stepwise regression or partial
least squares regression) to fit the optimal relation between remotely sensed
reflectance or - more commonly - vegetation indices (VI) and yield. Commonly
used VI’s are NDVI and fAPAR, for which operational time series are available.
Most empirical methods rely on the implicit assumption of a strong correlation
between dry matter accumulation and yield.
ii. Semi-empirical models are popularized by Monteith’s efficiency model (Monteith,
1977). This model calculates the total dry matter production as the sum of daily
production. Daily production is then estimated as the product of (i) the incident
radiation, (ii) the PAR fraction of sunlight, (iii) the radiation interception efficiency
and (iv) the conversion efficiency of energy into dry matter. Remote sensing data
can be used to estimate the interception efficiency as a measure of total biomass
or LAI. Thermal emission (under semi-arid conditions) has been correlated to
changes in conversion efficiency of sunlight into biomass (Steinmetz et al., 1990).
iii. Mechanistic models with driving variables. The biophysical model component in
empirical and semi-empirical models is lacking and strictly speaking these are not
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assimilation strategies. Mechanistic models on the other hand rely on a biophysical
model to predict production (yield). Driving variables, such as rainfall or PAR,
drive the dynamics in the model and require updates at each time step on which
the model is run (hours or days). Successful yield predictions have been made with
the SEBAL11 model (Bastiaanssen et al., 1998; Bastiaanssen, 2000; Bastiaanssen
et al., 2005; Irmak & Kamble, 2009) using crop latent heat of evapotranspiration as
a driving parameter. Other driving parameters such as PAR radiation are highly
dynamic (changing over hours and even minutes) and are therefore less commonly
retrieved from LEO satellite data considering their revisit time (weeks rather than
days). Geostationary meteorological satellites that can continuously capture data
at a course spatial scale can be useful to replace missing meteorological data such
as PAR (Schiller, 2006).
iv. Mechanistic models with forcing strategy. A more common approach is to derive
state variables from satellite data. Since state variables are also dynamically
calculated by biophysical models, a choice needs to be regarding made how and if
to combine both. The most uncomplicated strategy is to replace the model state
variable by its equivalent derived from satellite data whenever this is available,
i.e. to force the model to agree with the remote sensing data. This approach can
correct intermediate errors in state variables but does not allow real-time model
calibration: erroneous initial values or model parameters cannot be corrected.
v. Mechanistic models with re-initialization/re-calibration of state variables. An
integrated approach is to iteratively adjust the model initial values (e.g. initial
biomass) or parameters (e.g. specific growth rates) until the best match between
the model simulated variables and their remotely equivalent is obtained. Since
a main objective of this dissertation is on using RT and biophysical modeling to
better understand critical plant production processes, this strategy is worked out
below.
Vegetation index time series related to leaf cover or total biomass, such as NDVI,
are commonly used in photosynthesis-driven models for annual crops. The model
parameters that are re-calibrated or re-initialized depend on modeled crop and
site-specific situations: Guérif & Duke (2000) predicted sugar beet yield by re-
initialization of the initial LAI (at emergence) and the sowing date while Launay
& Guerif (2005) used crop establishment and root settlement as parameters for
the same crop. Dente et al. (2008) selected sowing date, soil wilting point and
field capacity for the prediction of wheat yield on remotely sensed LAI estimates.
State variables or radiometric data
In the model re-calibration and re-initialization strategy, two alternative approaches
exist: (i) retrieving biophysical parameters from remotely sensed data and comparing
these to crop model predictions or (ii) coupling the crop model with RT models for leaf,
canopy and atmosphere to predict canopy or even at-satellite reflectance (Moulin et al.,
1998). Both approaches have strength and weaknesses. Retrieval of state variables such
11Surface Energy Balance for Land
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as LAI from VI’s using standard approaches is sensitive to seasonal BRDF effects without
specialized BRDF correction procedures (Qi et al., 2000), while a canopy reflectance
model automatically takes this into account. On the other hand, the additional use of
canopy models requires additional parameters such as LAD that are not supplied by the
crop production model. In addition, predicted state variables such as LAI or chlorophyll
content can be verified in the field without the use of specialized equipment.
Reflectance may not necessarily be the best expression of radiometric data: Guérif
& Duke (2000) concluded that converting broad-band reflectance (predicted with the
SAIL12 canopy model) into the TSAVI vegetation index improved the data assimilation.
The role of in situ data
Meteorological data, preferably from local weather stations, is a requirement to drive
almost any crop production model. It can be measured in situ for detailed modeling
or be interpolated using regional scale data. Different alternative approaches exist in
which in situ data can be combined with remote sensing in assimilation schemes:
• The most common is using (static) GIS data containing digital elevation, slope
and soil type parameters to ‘spatialize’ a crop model (Mo et al., 2005).
• In situ data can also be used to improve the assimilation of remotely sensed
data: Guérif & Duke (2000) used field measurements of soil rugosity, texture and
moisture to predict soil reflectance. This was transferred to the SAIL canopy
reflectance model to improve the accuracy of above-canopy reflectance predictions.
• The energy balance model of Bastiaanssen (1998) requires both in situ data (surface
rugosity and incident long- and shortwave radiation) and remotely sensed data
(LAI and thermal emission) to estimate canopy evapotranspiration.
• Alternatively, Dzikiti et al. (2010) modeled water stress (stem water potential)
using sap stream measurements combined with initial estimates of canopy water
status derived from hyperspectral reflectance.
Baseline and anomaly detection
The assimilation strategies presented here exclude ‘catastrophic’ events: production
models simulate progressive seasonal dynamics under normal production conditions. This
changes in the occurrence of catastrophic or unexpected events such as diseases, pests
or frost damage. Unless dedicated sub-models for these events exist (e.g. Thornley &
France, 2007, for pest submodels), crop models can no longer make adequate predictions.
Deviations between model predicted and remotely sensed state variables beyond certain
threshold may indicate anomalies in the production process. In operational systems for
well-calibrated models, this can be used as an early warning system.
12Scattering by Arbitrarily Inclined Leaves (Verhoef, 1984)
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1.7 Research framework, objectives and hypothesis
1.7.1 Research framework
This research fits within the IS-HS framework: ‘Integration of In Situ data and
HyperSpectral remote sensing for plant production monitoring’. IS-HS aims at de-
veloping automated daily monitoring programs, in which satellites retrieve hyperspectral
data and collect up-linked in situ data at critical stages in the production process of
vegetative systems. Hyperspectral remote sensing can herein provide a cost-efficient
technology to retrieve information on biophysical variables at good spatial and temporal
resolution. It requires complementary in situ measurements and crop management
information as inputs to ensure robust and reliable models. On-board software integrates
and analyzes this combined information to steer in real-time important aspects of the
plantation management such as drip irrigation and nutrition administration. Such a
system can additionally provide detailed advice for management aspects such as optimal
time for pruning and harvest. Integration of model input with weather forecasting
data enables anticipation of stresses. Total system production in terms of yield value
(number, size and quality of fruit) can be estimated and automatically adjusted to
changes in management interventions. This will allow producers to make important
economic decisions at an early stage, to anticipate market trends, and to better organize
the management interventions and the harvesting process.
The IS-HS framework is tightly related to the development project of the ZaSat hyper-
spectral satellite, a joint cooperation between South African (SUNSPACE, University
of Stellenbosch, South African government) and Flemish (K.U.Leuven, OIP, Flemish
government) partners. ZaSat is part of the African Resource Management (ARM)
mini-satellite constellation, that will encompass four satellites and allow daily coverage
of any given agricultural area worldwide. ARM will enable true real-time monitoring
and active management of vegetation production systems, and will eventually facilitate
the extension to field-level applications.
Prior to operational use, modeling issues need to be addressed to further the understand-
ing of plant biophysical responses as well as the translation of these responses to signals
received by satellites. This PhD dissertation is a realization of some of these requirements
as part of the project OT07048 ‘Monitoring and modeling of plant production systems
via integration of in situ and hyperspectral remote sensing data within the context of the
South African/Flemish ZaSat II satellite design project’. It specifically addresses the OT
project goals (i) to generate a list of quantitative and qualitative crop production for
citrus (chapters 1 and 2), (ii) to develop a biophysical citrus model framework (chapter
2), (iii) to develop a database of citrus leaf and canopy spectra (chapter 5 and chapter
7) and (iv) to develop physically-based hyperspectral indices (chapters 3 and 5).
1.7.2 Research objectives
Even for complex processes, empirical statistical black box methods have proven to
establish relations between measured hyperspectral or broad band reflectance signals and
state variables such as LAI or chlorophyll content. Those relations have subsequently
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been used to predict system production. Due to the inherently limited scope of most
empirical research, both in time and space, it is often impossible to make extrapolations
and predict how and if these relations are maintained under different conditions (i.e.
other regions, different years). As described in the previous sections, substantial amounts
of work have been done on the biophysical modeling part, on establishing relations
between biophysical state variables and leaf biochemistry or canopy structure, between
leaf biochemistry and leaf reflectance and between leaf, canopy and finally at-satellite
reflectance. An integrating model that covers each of these steps is, however, lacking
for perennial fruit crops. The first objective in this research is therefore to set up a
bottom-up modeling approach to understand how changes in plant state are translated
into changes as detected by optical remote sensing technology. It can be used to evaluate
under which conditions biophysical or stochastic relations are meaningful.
Figure 1.3 presents an overview of this bottom-up approach. The left part of the figure
presents a simplified representation of plant production modeling. Changes in system
inputs, such as drought stress, nutrient shortages or initiation of flowering controlled
by air temperatures will alter the system’s state variables (transport capacity, nutrient
levels, etc.). Some of these state variables, such as water potential or sap stream, can be
readily detected by in situ or hyperspectral sensors but others such as hormone levels
would require expensive chemical analysis. Dynamics in state variables can initiate
a chain of processes in which related variables are altered, some of which may affect
canopy structure (e.g. changes in leaf angle due to mild drought stress or leaf drop under
severe stress) or leaf biochemistry (e.g. decrease in chlorophyll content due to nitrogen
or potassium shortages). Most of these processes may eventually also modify system
output (yield quantity and quality). Some changes in canopy structure, biochemistry
and even changes in yield (fruit load) result in detectable changes of top-of-canopy
(TOC) reflectance that can be simulated with radiative transfer models. TOC reflectance,
mixed with the contributions of weeds, soil and shade and finally the atmosphere, will
eventually be recorded in time series of satellite data. In a bottom-up approach, each of
these processes needs to be modeled as accurately as possible, since in each step, errors




Figure 1.3: A bottom-up modeling approach that integrates plant production modeling and RT
modeling. Relevant chapter numbers as discussed in table 1.3 (section 1.8) are between square
brackets. Black numbers: objective one; gray numbers: objective two.
Modeling and monitoring of dynamic systems requires additional considerations.
• During year-round monitoring, crop phenology, such as flowering, fruit set and
fruit coloration will impact the remotely sensed vegetation signal but will also
contain potentially useful information (e.g. Somers et al., 2010b).
• Many fruit trees such as citrus, banana, olive and mango are evergreens, so that
there is no immediate link between the present crop cover or LAI and the biomass
production of the current vegetation season.
• Phenological events and stresses (nutrient stress, drought stress, infestations) may
only exhibit subtle spectral changes in the retrieved canopy signals (see chapters 4
and 5).
• Orchards are organized in rows or grids leading to open canopies with only partial
crown closure. Measured signals thus contain substantial and seasonally variable
contributions of (sunlit) soil and weeds between the rows, each having their own
seasonal dynamics.
Most changes in remotely sensed signals will thus inevitably reflect a mixture of processes
of different nature (biophysical, structural, and also external to the plant system). Some
of these processes are of interest for modeling the desired system output (yield) while
others are not, causing undesirable variability. The contribution of individual biophysical
processes may in addition be limited to subtle changes. The second objective is
therefore to develop sensitive and robust data retrieval technologies to detect relevant but




The hyperspectral reflectance of perennial fruit tree canopies holds information on
the plant’s internal state that is expressed in dynamics of leaf biochemistry and in the
dynamics of mixtures and the structural organization of canopy components (leaves, fruit,
flowers,...). This information can be accurately extracted for integration in biophysical
models to improve the prediction of economic output (quantity, quality). Accurate
and robust retrieval of this information requires (i) a full understanding - through
radiative transfer modeling - of the main interactions from the lowest level of biochemical
processes to the highest level of at-sensor measured signals and (ii) robust and sensitive
measurement techniques and data extraction methods.
1.8 Dissertation outline
This PhD dissertation is a compilation of six chapters. It includes four published peer
reviewed publications in international journals, one manuscript in review and a chapter
describing a central part in the biophysical modeling of citrus crop production. Each
chapter can be read as an independent research paper, with separate introduction,
method, results and conclusions sections.
Table 1.3 lists an overview of the chapters in a logical bottom-up order that does not
necessarily correspond to the order in which research was conducted or published. For
each chapter, the aspects of time, scale level, research focus and objectives (section
1.7.2) are listed. Corresponding chapter numbers in figure 1.3 and table 1.3 help to
explain how these chapters fulfill both research objectives: bottom-up modeling and
more sensitive and robust data retrieval.
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Table 1.3: Overview of the aspects of time, model type, scale level, research focus and objectives
addressed for each chapter. Original chapter titles are abbreviated. E: empirical; M: mechanistic;
RT: radiative transfer; PH: physiology and phenology; I: bottom-up modeling; II: more robust







2. Carbohydrate flows in citrus leaf PH I
2.1. Conceptual model days to
seasons
E+M I
2.2. In situ carbohydrate detection static E I
3. Dorsiventral Leaf Model static M leaf RT, PH
3.1. Model development I
3.2. Inversion strategies II
























7.1. Spatial resolution, spectral
mixtures
I
7.2. Optimal viewing geometry II
Out of all variables that may be detected using hyperspectral remote sensing, the role
of non-structural carbohydrates was found to be one of the most critical. They impact
all stages in the production process (section 1.4.3). Internal (e.g. water balance) and
external factors (e.g. management, meteorology) that are known to influence their
dynamics as well as the effects of these carbohydrates on tree health and fruit quality
were treated in a conceptual model (chapter 2.1) for citrus carbohydrates. Modeling
the full citrus production process requires the integration of additional models, such as
for nutrient uptake and translocation, flowering, water balance. Each of these models -
sub-models in an encompassing model - contain one or more state variables that are
expressed in the leaf biochemistry and/or in the canopy structure, both of which influence
the hyperspectral canopy reflectance.
The relationship between leaf biochemistry and leaf optical properties is subsequently
made through statistical relationships (see chapter 2 for soluble sugars and starch)
and through leaf optical models. Existing leaf optical models lack the capacity to
discriminate between the leaf top (adaxial) and bottom (side) and can therefore result in
substantial errors when used to predict canopy reflectance, as demonstrated in chapter 4.
Therefore a Dorsiventral Leaf RT Model (DLM) is presented (chapter 3.1) to simulate
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optical properties in leaves. DLM is based on the well-known plate model PROSPECT
(Jacquemoud & Baret, 1990) but provides the transition from symmetric modeling
wherein both leaf faces are identical into a dorsiventral representation with different
optical properties for adaxial and abaxial sides.
The subsequent step in the up-scaling process is from leaf optical properties to canopy
reflectance, which is accomplished by canopy RT models. Many RT models, especially
those providing an algorithmically fast implementation, make an important number of
assumptions on the nature of the incident light and on the structure of the canopies
(mixtures and shape of leaves, spatial organization of the trees). The impact of six of
these assumptions was evaluated with a physically based ray tracer (pbrt) that was
adapted for spectral rendering (chapter 4). Pbrt was extended with sub-models for
realistic illumination (from atmospheric RT code), leaf and soil reflectance and additional
camera models. Its accuracy was evaluated in a comparison with other ray-tracing
models using the RAMI Online Model Checker tool of the Joint Research Center of the
European Commission. Within pbrt, a block of an existing commercial citrus orchard
(Wellington, Western Cape province, South Africa) was reconstructed, calibrated using
allometric parameters and hemispherical photography and validated against measured
spectra.
Subsequently, at the same spatial scale level, the focus is transferred from static mod-
eling to the monitoring of seasonal dynamics. The relationship between leaves and
canopies was evaluated using an 18 months time series, measured in a commercial
citrus orchard (chapter 5). This allows creation of a hyperspectral baseline for the
citrus production system. Canopy, fruit, leaf, soil and weed spectra were collected and
meteorology was recorded on-site. Digitally processed canopy pictures were used to
estimate the cover fractions of healthy and sun-burnt leaves, fruit and flowers. Re-
flectance measurements of different leaf types were inverted using DLM into a time
series of biophysical parameters. Using this combined dataset, the dynamics of nine
well-established canopy level vegetation indices were interpreted as a combination of
changes at the leaf level, changes in canopy structure and changes in cover fractions
of the canopy components. Good relations were found to explain the dynamics of
chlorophyll content, carotenoid-to-chlorophyll ratios, LAI and leaf water content.
The last step in the bottom-up modeling involved the up-scaling from the field level to
satellite level observations (chapter 7.1). A virtual 3D environment was constructed in
which ray-tracing simulations were made for different field orientations and illumination
and viewing directions. GIS orchard statistics from citrus growing areas in Florida and
South Africa (Western Cape province) were derived from high resolution images. This
combined information was used to define the required pixels sizes to obtain good quality
tree and field level observations at both locations.
Establishing reliable bottom-up relations that allow the propagate changes in a plant’s
state to the changes as detected by satellites does not yet imply that these relations can
be inverted to retrieve the plant’s state from remote sensing observations (ill-posedness).
A considerable amount of research has already been dedicated to improve inversion
algorithms for more reliable data assimilation. Less attention has been paid to adjusting




At the leaf level (chapter 3.2), different spectrum measurement techniques (white and
black background, abaxial and adaxial side) were combined with different inversion
strategies for DLM (variable number of inverted parameters, weighting of spectral
bands).
At the canopy level, the realization of an uninterrupted time series depends highly on the
occurrence of cloudless weather conditions. Dual field of view (DFOV) techniques and
instruments exist in field spectroscopy, but data quality of such time series is often limited
as differences in illumination conditions (more specifically by the angular distribution
of incident light) cause differences in measured reflectance. Therefore, an extension of
existing DFOV techniques was developed to normalize illumination conditions so that
reflectance measured under overcast skies can be converted into clear sky conditions
(chapter 6).
At the satellite level, soil and weeds have a substantial impact on the reflectance
of the mixed signal of an orchard (section 1.4.2). Although sophisticated spectral
unmixing techniques are being developed to retain only the canopy component of a
mixed signal, hitherto, substantial errors remain. The specific row-oriented nature of
orchards, combined with off-nadir viewing capabilities of recent platforms offers the
potential to reduce these mixture fractions of soils and weeds and thus improve the
accuracy of unmixing algorithms. A ray-tracing simulation analysis is made to find
optimal off-nadir observation directions for citrus orchards as detected from space-borne
platforms (chapter 7.2). A ranking was made based on spectral similarity indices.
These indices compared spectral changes in tree crowns that need to be detected
with undesirable effects caused by (i) variations in solar elevation, (ii) changes in soil
reflectance (e.g. due to soil moisture) and (iii) changes in the reflectance of weeds.
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This chapter presents a conceptual model for the carbohydrate flows in citrus. Internal and
external factors impact tree health, yield (fruit number, size and juice quality), alternate
bearing and freeze tolerance through their effect on carbohydrates. External relations involve
climatology, with an emphasis on irradiance, air moisture, temperature, and management,
including pruning, thinning and hormone sprays. Internal factors involve the soil-tree water
balance, mineral nutrition, storage and partitioning.
Subsequently the seasonal dynamics in non-structural carbohydrate levels (soluble sugar and
starch) in unstressed conditions are described, with a focus on leaf storage, to establish a link
between remote sensing and in situ measurements. The vegetative flush, followed by flowering
and fruit set were found to be the periods exhibiting the largest dynamics in starch levels,
with smaller changes in soluble sugar contents, although the pattern in seasonal dynamics is
different under different climatological regions. Monitoring of leaf non-structural carbohydrate
contents has the potential infer information about yield losses caused by physiological fruit
drop, about the tendency of trees towards alternate bearing, about cold hardiness in cooler
climates and as an indicator for infections that block phloem transport such as citrus greening
(Huanglongbing).
Estimation of soluble sugar and starch concentrations was evaluated using near infrared
spectroscopy as a potential low-cost in situ technique. Different methods of leaf preparation,
spectrum collection, preprocessing and statistical regression were compared side-by-side. Prior
drying of leaves did not substantially improve the results over the direct use of fresh leaf
material. The use of white backgrounds as an alternative to the standard black background
improved predictions. Multiple stepwise regression consistently provided better results than
partial least squares regression and standardized difference band ratios. First derivative spectra
generally outperformed the use of normal spectra.
2.1 Introduction
As explained in section 1.3.2 in the introduction chapter, the modeling of fruit tree
crops using existing biophysical models requires different sub-models. These include (i)
carbohydrate sink-source relations, (ii) light interception, mainly due to the row oriented
structure, (iii) photosynthesis (C3 metabolism, leaf age classes), (iv) intra-annual carry-
over effects such as alternate bearing, (v) adaptation, (vi) phenology, (vii) fruit internal
and external quality and (viii) management. This chapter introduces a conceptual model
for non-structural carbohydrate sink-source relations, with a special reference to citrus.
Evidence is given on the critical role of carbohydrates in fruit quality and seasonal and
intra-annual dynamics such as alternate bearing and adaptation (e.g. cryo-protection).
An encompassing treatment of the carbohydrate economy, embedded in a biophysical
modeling approach, can thus initiate a solution for many of the aforementioned modeling
aspects.
Carbohydrate relations in fruit trees cannot be contained into a single sub-model, but
are linked to the photosynthetic apparatus, the partitioning system, the storage pool
and the reproductive phenology (fruit quantity and quality). Since no subsystem can be
conceived as a self-contained ‘black box’, links to related subsystems (water balance,
mineral nutrients and management) are described.
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Carbohydrates as referred to in this chapter are non-structural saccharides whose phys-
iological role is the storage and transportation of energy and carbon, as opposed to
structural carbohydrates such as (hemi)cellulose. Two groups are identified: oligosac-
charides such as glucose, fructose and sucrose and starch, a group of polysaccharides
consisting of linear (amylose) or branched (amylopectin) glycosidic chains. The soluble
oligosaccharides are important for transportation and direct energetic use. The main
physiological function of starch, which is largely insoluble in water, is storage. This can
occur in leaves (amyloplasts), stems and roots.
In the next section, a schematic model is presented in which carbohydrate relations,
including positive and negative feedback mechanisms are described. Subsequently,
seasonal dynamics are discussed and ideas are presented about how these can be
integrated in a carbohydrate monitoring system. The last section focuses on non-
destructive in situ assessment with near-infrared spectroscopy (NIRS).
2.2 Modeling non-structural carbohydrates
2.2.1 Conceptual models
This section presents a conceptual model of carbohydrate relations in fruit trees. Con-
ceptual models, as defined by Greca & Moreira (2000) are external representations that
facilitate the comprehension or the teaching of systems or states of affairs in the world.
They are simplified representations of real objects, phenomena or situations. A con-
ceptual approach was preferred over quantifying all possible relationships, many which
have only been demonstrated in specific cases and cannot be extrapolated to fruit tree
horticulture (and not even to citrus production). The aim is to further the understanding
of the manifold factors that influence carbohydrate assimilation, allocation, storage and
consumption in fruit trees. Such an understanding may improve experiment designs by
knowing beforehand the external factors that are expected to influence experiments and
need to be controlled or accounted for. In addition, it can be used to predict cascades
of interactions1. When such considerations are not made, experiments can lead to
different conclusions depending on the time-specific (e.g. did a cold spell occur during
measurements, or drought stress, or photodamage) or site specific (irrigated versus
non-irrigated, sand versus clay) conditions. From such conclusions, made without an
encompassing framework, it would be difficult to derive general relationships on species
physiology.
While this model attempts to cover most of the known interactions of the carbon
subsystem at the level of plants and organs, this does not imply that any model, either
mechanistic or empirical, should inherit this full complexity. Rather, simplified models
can be derived as long as the context and environment in which they are applied are
understood.
1As an example: mineral nutrient deficiencies can lead to chlorosis which will in turn decrease photosyn-
thesis; this will impact the partitioning system and - depending on the plant’s phenology - might lead to
decreased root storage, lower fruit count, smaller fruits or lower fruit juice quality.
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2.2.2 General relations
Figure 2.1 presents a simplified scheme of the carbohydrate relationships in fruit trees.
Main relations are indicated with roman numerals. The driving force for carbohydrate
production is the use of intercepted solar irradiance to convert carbon dioxide and water
into triose phosphate for the production of sucrose or starch (rel. I). The dominant
factor in light interception is the total area of leaves receiving photosynthetically active
radiation to support carbon assimilation (rel. III). Light interception however is not
linearly related to total production and in semi-arid climates, a mild shade that prevents
photo-inhibition and stomatal closure can even stimulate carbon assimilation in citrus
(Raveh et al., 2003). Light interception is determined by canopy structure parameters
such as tree height, Leaf Area Index (LAI) and pruning system and by orchard layout
parameters (row and tree spacing, row orientation) (rel. II; Oyarzun et al., 2007;
Thornley & France, 2007). Of specific interest for woody perennial crops is the impact
of the previous year’s foliage in the provision of photosynthates during the emergence of
the spring flush (rel. II, IV; Shimizu et al., 1978).
Assimilated carbohydrates are partitioned either for direct allocation to the leaves (rel.
VI) or transportation to the roots, stems, sink leaves or fruit compartments (rel. VII,
VIII). Within each compartment, these may be allocated for maintenance respiration,
growth and storage (Léchaudel et al., 2005). For most crops, respiration has the highest
priority, followed by growth and finally storage (Thornley & France, 2007). Priority
between different compartments in simple models is either hierarchical or proportional
(Le Roux et al., 2001). More advanced approaches include allometric partitioning
(ratios depend on the organ development stage), functional equilibrium models based on
root-shoot ratios, canonical models, models based on sink strength or models based on
transport resistance between organs (Marcelis & Heuvelink, 2007).
For modeling purposes, leaf, root and stem storage are pooled together (rel. X),
although more fine scale of modeling requires separate pools. Supply and demand for
photosynthates determine the conversion of sucrose into either oligosaccharides or starch.
Reallocation of starch (rel. XI) can occur on a short time scale (e.g. diurnal conversion
of leaf starch into sugars for respiration at night, (Taiz & Zeiger, 2006) or on a seasonal
time scale. Storage of carbohydrates in fruit as sugar and acid content of the sap (rel.
XII) is considered as final, with no reallocation to other compartments. This may be a
simplification: water stress experiments by Goldschmidt & Koch (1996) revealed that
water/juice can be withdrawn from juice sacs and some mandarin cultivars can lose
juice content during the maturation phase (Agustí et al., 2002).
2.2.3 Citrus-specific relations
Figure 2.2 shows a more detailed version of figure 2.1 with additional and species-specific
interactions, indicated with Arabic numerals.
A first set of relations (rel. 1-11) involves the impact of climatology, mineral nutrition,
water status and management on photosynthesis and thus determines the rate of
carbohydrate assimilation (rel. V). The assimilation rate in all species not only depends
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Figure 2.1: The influence of carbohydrate flows on fruit tree growth and development as
affected by internal and external factors: simplified representation. Numbers correspond to
relations discussed in the text. Boxes are used for internal elements, hexagons for external
inputs.
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Figure 2.2: The influence of carbohydrate flows on fruit tree growth and development as
affected by internal and external factors: detailed representation. Medium black arrows: positive
interactions, gray arrows: negative interactions, thin arrows: internal conversions, thick black
arrows: main interactions as on figure 2.1. Numbers correspond to relations discussed in the
text. Boxes are used for internal elements, hexagons for external inputs.
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on light interception, but also on stomatal opening (rel. 4; Taiz & Zeiger, 2006). This in
turn is regulated by the vapor pressure deficit (VPD, rel. 3), temperature (rel. 1) and
solar irradiance (rel. 2) (Syvertsen & Lloyd, 1994). Commonly the Penmann-Monteith
equation (Allen et al., 1998) is used for quantitative modeling. In citrus, Ribeiro
(2007) found stomatal closure to occur from VPD above 1.5 kPa, while for temperature
an optimal range between 25 and 40°C was suggested rather than a single optimum.
Carbon assimilation can be downregulated under conditions of high irradiance as a
photo-protective mechanism (rel. 5; Gussakovsky & Salomon, 1993). Light intensity
levels during leaf development, leading to differentiation into shade and sunlit leaves,
were found to have a high impact on photosynthetic efficiency in citrus due to differences
in leaf structure and chlorophyll content (rel. 5,7; Nii, 1987). Whether the total tree
leaf area has a net positive contribution to the tree photosynthesis may be questioned
considering the high LAI common for citrus (Davies & Albrigo, 1994). Yuan et al. (2005)
found little effect on tree growth, yield quantity and fruit quality after defoliation of
up to 50% of the leaf area, whereas Eissenstat & Duncan (1992) report a large impact
on yield of pruning about one third of the canopy cover (rel. 6). In citriculture, the
high demand of nitrogen (N) fertilization as well as the impact of shortages leading
to chlorosis has been well described (rel. 8; Davies & Albrigo, 1994; Spiegel-Roy &
Goldschmidt, 1996). A quantitative and linear relation between leaf N and chlorophyll
contents was established by Bondada & Syvertsen (2003). In addition to N, other
minerals such as potassium, sulfur, magnesium, iron, zinc, boron and manganese cause
chlorosis (Futch & Tucker, 2008), all of which are expected to decrease photosynthetic
efficiency (rel. 7). Large accumulations of starch in amyloplasts can cause damage to the
thylakoid structure in case of extreme chlorophyll accumulation (rel. 9; Schaffer et al.,
1986). Similarly but more generally, Iglesias et al. (2002) report feedback inhibition
of photosynthesis by starch accumulation (rel. 10). The commonly encountered down-
regulation of photosynthesis under water stress is also encountered in citrus, mainly
around solar noon where the leaf water potential is at its minimum (Vu & Yelenosky,
1988).
The second set of relations (rel. 13-21) more directly impact the partitioning and
allocation sub-systems. In citrus it is expected that generally, (i) leaf growth has the
highest priority, followed by (ii) growth and storage of fruit after the physiological
drop, next (iii) roots and stems, followed by (iv) growth of young fruitlets (rel. 12;
Goldschmidt & Koch, 1996; Iglesias et al., 2002). Different refinements can be made:
• Partitioning priority between roots and leaf shoots has a dynamic aspect, with
alterations between root and shoot growth occurring in annual cycles (rel. 13;
Bevington & Castle, 1985).
• Goldschmidt & Monselise (1977) found that under carbohydrate shortage, root
growth may be prioritized to fruit growth on a short term, but fruit have priority
on the longer term (rel. 14). Heavy fruit load was also found to reduce the
following vegetative summer flush (rel. 15; Goldschmidt, 1997)
• Shimizu et al. (1978) found starch accumulation in the fruit to depend on demands
by the fruit itself (sink strength).
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• Little indications were found on the priority of stem growth, but it can be hypo-
thesized that stem growth and leaf growth both have equal priority, since stems
and twigs are required to support the canopy structural development.
Although storage is generally accepted to have the lowest priority, the sink strength of
reserves has been demonstrated by Goldschmidt & Koch (1996). Carbohydrate storage
occurs in all organs. Goldschmidt & Golomb (1982) emphasize the role of the roots
as the most important reserve organ, whereas Raveh et al. (2003) found the highest
carbohydrate accumulation in the stems. The storage function of leaves was described
by Kriedermann (1969). Defoliation and stem girdling experiments have indicated that
leaf storage mostly serves nearby flowers and fruit (Mehouachi et al., 1995; Iglesias
et al., 2007), although Goldschmidt & Golomb (1982) found root storage (rel. IX) to
be the most critical factor in the development of the following season’s spring flush.
Considering the relations described here, a combination of allometric and sink strength
based partitioning is suggested (see section 2.2.2), although Eissenstat & Duncan (1992)
and Syvertsen & Hanlon (2008) also express the importance of plant root/shoot ratios
in tree growth and fruit quality.
The partitioning subsystem is also affected by concentrations of other minerals, man-
agement and environmental factors. Low potassium levels were found to impair the
transportation of carbohydrates (rel. 16; Marschner, 1995). Stem girdling, although less
common in citriculture except for research purposes, leads to carbohydrate accumulation
in leaves by inhibiting the sap stream towards the roots (rel. 17). Temperature largely
controls organ respiration and for many crops, the relation between respiration and tem-
perature is approximately linear between 15 and 35°C (rel. 18; Amthor, 1989). Salinity
in citrus causes leaf abscission, reduced flowering and fruit drop, which correlated with
decreased leaf carbohydrate storage (rel. 19a) and may indicate reduced photosynthesis
(rel. 19b; Lloyd & Howie, 1989). Water stress was found to decrease the accumulation of
sugars in fruit (decreased sink strength). This was explained by Barry et al. (2004)as a
consequence of osmotic adjustment, although this theory is contradicted in Syvertsen &
Albrigo (1980), who found experimental evidence that leaf and fruit water potentials are
largely independent and by Albrigo (1977) who found that high water availability in the
root zone contrarily decreases the total soluble solids due to a dilution effect (increase
in fruit size). The same effect could also be explained by a decrease in carbohydrate
production following a down-regulation of photosynthesis by stomatal closure. Finally
also hormonal control impacts the partitioning system. The role of auxins has been of
demonstrated to improve fruit growth (rel. 21; Guardiola & Lázaro, 1987) and auxin
applications are now part of commercial production practices in Spain.
The third set of relations (rel. 22-24) concern the storage pool. Internal conversions
(rel. 22) are simplified: both starch (larger pool, reserve) and sucrose (smaller pool,
energy supply, transport) are synthesized directly from assimilated triose phosphate
(end product of the Calvin cycle). Starch can be either directly converted back into
triose phosphate for nightly respiration or into sucrose to be transported via the phloem
(phloem loading and unloading) (rel. 23; Taiz & Zeiger, 2006). In citrus, this relation
was found to help in sustaining early leaf respiration and development (Shimizu et al.,
1978), although mobilization of starch (rel. 23 and VIII) was slow, thereby limiting
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supply to young fruitlets (Ruiz et al., 2001). Cold hardening in citrus in late autumn
impacts the starch/sugar ratio, leading to increased concentrations of soluble sugars in
leaves (Yelenosky, 1975, 1985).
Finally, a number of relations (rel. 25-30) directly impact fruit set, drop, size and
the quality of the fruit. Increased carbohydrate consumption for fruit growth and
maintenance and growth respiration leads to self-thinning in the physiological fruit
drop (rel. 25 and 29; Bustan et al., 1999). Experiments with shade nets (Jifon &
Syvertsen, 2001) as well as early research by Sites & Reitz (1949) support evidence that
photosynthesis, through carbohydrate allocation to fruit, has an impact on juice quality
(e.g. total soluble solids) (rel. 26), although research by Bustan et al. (1996) found
direct climatological control by temperature (degree days) to be the dominant factor.
Thinning experiments reveal the role of carbohydrates in the determination of fruit size
(rel. 28; Guardiola & Gacriá-Luis, 2000). Inverse relations (source limitation) were
found between total fruit number and average fruit size (rel. 26 and 30; Goldschmidt &
Monselise, 1977).
Note that this review is restricted to the role of carbohydrates on fruit quality and does
not consider other factors such as the direct impact of water stress, mineral nutrients or
physical damage.
2.3 Dynamics in carbohydrates
From the schemes presented in section 2.2, it can be interpreted that both seasonal
climatological changes in irradiance and temperature as well as internal changes (flow-
ering, fruit set, drop and development) lead to seasonal and even biennial changes in
non-structural carbohydrate contents. The following paragraphs present an overview of
available literature describing such seasonal trends in leaf and fruit peel non-structural
carbohydrates and how such trends can be used in a monitoring strategy.
2.3.1 Seasonal and diurnal dynamics
Most research on carbohydrates in citrus is focused on flowering, fruit set and fruit
drop. This was found to be the most critical period where carbohydrate limitations
(and excesses) are expressed and impact future fruit production. Experiments include
ringing, partial defoliation, sucrose supplements, irradiance reduction (shade nets) and
CO2 elevation, each of which was found to impact the carbohydrate economy. Figure
2.3, adapted from Sanz et al. (1987) shows a typical seasonal trend under Mediterranean
conditions, in which old and new leaves are treated separately. A fast accumulation of
carbohydrates in old leaves occurs from leafy bud break (S) until flowering (B), followed
by a decrease at an approximately constant rate until mid-August, when fruit drop has
ended. The overall trend is determined by changes in starch contents, with only limited
dynamics in soluble sugars. In young leaves, both starch and soluble sugars accumulate
until the beginning of the fruit drop period, during which there is a rapid and transient
decrease, followed by a recovery. The subsequent more gradual decrease is analogous to
the pattern in old leaves. Similar trends are reported by Garcia-Luis et al. (1988) and
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Iglesias et al. (2002) for the post-bloom period. Research confirms a clear link between
carbohydrate levels and abscission (Sanz et al., 1987; Garcia-Luis et al., 1988; Iglesias
et al., 2007) with peaks of abscission coinciding with low leaf carbohydrate levels. This
can be explained by the plant’s response to internal competition (figure 2.2, relations
25 and 29): low carbohydrate levels in citrus fruit were found to stimulate ethylene
production, which is the main abscission hormone in citrus (Ruiz et al., 2001). Not all
reported trends however are similar: in Ruiz et al. (2001) the peak in carbohydrates for
old leaves occurs around 45 days after anthesis (DAA), at the start of fruitlet abscission
and slightly earlier for the inflorescence leaves. The impact of climate on seasonal
carbohydrate dynamics was reviewed by Ribeiro (2007): under Mediterranean conditions
(California, US), levels are minimal during the summer season, while under subtropical
conditions (Brazil), summer and winter carbohydrate contents are similar. The highest
contents however were invariably found in early spring, just before the flowering and
vegetative flushes. The overall seasonal trend in carbohydrates is the resultant of a
budget equation: in winter a lower solar intensity (Figure 2.2, rel. I) can decrease
photosynthesis and thus decrease supply (rel. III, V). This can be compensated for
by a lower amount of photo-inhibition (rel. 5), higher air moisture (rel. 3) and higher
root water availability (rel. 11) leading to less frequent stomatal closure. Lower winter
temperatures will also lead to lower respiratory demands by leaves, roots and fruit (rel.
12).
57
2. A CONCEPTUAL MODEL OF CARBOHYDRATE FLOWS IN CITRUS
Figure 2.3: Changes in starch, ethanol-soluble sugars, sucrose and metabolizable carbohydrates
(starch + soluble sugars) in old and young leaves from sprouting until the end of drop. S: bud
sprouting; B: bloom; FD: fruit drop (adapted from Sanz et al., 1987).
Dry matter accumulation of the fruit is the net result of the summation of sink source
processes in the leaves. Accumulation occurs in waves (García-Luis et al., 2002), with
minima concurring with abscission peaks. The overall yearly photosynthate consumption
for commercial grapefruit trees was estimated by Bustan & Goldschmidt (1998), with
11.3% allocated to flowers, 16.0% to fruit that eventually dropped, 51.6% to harvestable
fruit and only 21.1% to maintenance (respiration, leaf and stem growth and non-
reproductive reserve accumulation).
Soluble sugar contents in leaves were found to increase strongly when air temperatures
drop from 15 to 10°C while starch contents did not increase significantly (Yelenosky,
1975, 1982). Combined with a decrease in leaf water content, this leads to elevated
sap concentrations and freezing point depression. This confirms research by Dugger &
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Palmer (1969) who emphasize the inverse relation between the soluble sugar fraction,
peaking in mid winter, and starch, reaching a minimum at that time.
Knowledge on seasonal dynamics may enable carbohydrate monitoring applications
based on fixed thresholds as reference values or on trends in time series. Carbohydrate
balances under normal production conditions depend on local climate, site characteristics
and species/variety/rootstock. Therefore, general and absolute thresholds may be hard
to define. For well described seasonal trends (i.e. gradual or cyclic behavior), three basic
properties can be considered: the magnitude of a change (max - min), the rate of change
(maximum slope) and the time of a change (e.g. time of initiation or maximum rate of
change). These can be compared to previous years for the same trees or fields or between
structurally similar fields for the same year. If the relations presented in section 2.2 can
be quantitatively described and integrated into an adequately parametrized biophysical
model, predictions can be made for the current or even future levels (meteorological
forecasting) of carbohydrates. These may be a better alternative to detect deviations
from an optimal production cycle as they can integrate the current year’s weather and
management.
An important requirement is the separation of seasonal dynamics from diurnal dynamics.
On days with optimal photosynthesis (high irradiance, no water shortage not photoin-
hibition), photosynthate production may exceed transportation from the late morning
until the evening and as a consequence, starch accumulates in the leaves until it is
transported again during late evening or night to the other organs. Heavier crop load
can diminish this buildup due to large sinks near the leaf source while unusual starch
buildup early in the day indicates anomalies, such as HLB if in Florida or Brazil. Hence,
diurnal dynamics need to be taken into account e.g. by monitoring at a constant time
of day (e.g. predawn or solar noon), by explicitly modeling the expected dynamics or by
measuring at higher frequencies during a day (in situ hyperspectral).
2.3.2 Carbohydrates for predicting alternate bearing and diseases
Alternate bearing is the tendency of trees to produce a heavy crop load in one year
(‘on’ year) followed by a very light or no crop in the next year (‘off’ year) (Goldschmidt
& Golomb, 1982). Recently, Verreynne & Lovatt (2009) confirmed that for the ‘Pixie’
mandarin in California, the alternating cycles of on and off crops appear to be perpetu-
ated by a crop load-dependent inhibitory effect of fruit on bud-break. Early in their
development, fruit suppresses the growth of the vegetative shoots that would comprise
the summer flush and, subsequently, the fall flush. Later in their development, fruit
inhibit spring bud-break on the parent shoots and the summer/fall vegetative shoots
borne on the parent shoot. The role of carbohydrates as a possible signaling agent has
been duly researched, although results are not conclusive and the underlying mechanism
is not yet fully understood. The year-to-year fluctuation in carbohydrate availability
has been related to the alternate bearing in some citrus varieties (Syvertsen & Lloyd,
1994), although roots rather than stems or leaves may have a central role (Goldschmidt
& Golomb, 1982; Goldschmidt & Koch, 1996; Li et al., 2003). This hypothesized rela-
tion between carbohydrates and alternate bearing is not exclusive for citrus, but has
been detected in other tree crops such as olive (Seyyednejad et al., 2001) and avocado
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(Scholefield et al., 1985).
Elevated starch concentrations can indicate the presence of diseases such as citrus
Huanglongbing (HLB), also known as citrus greening disease2. HLB is associated with
the bacterium Candidatus liberibacter asiaticus and the Asian Citrus psyllid (Diaphorina
citri Kuwayama) is the vector. The disease, which slowly weakens and kills all types of
citrus trees, causes fruit to become lopsided and taste bitter, making it unmarketable.
Fruit does not develop the desired color, hence the greening name. Infection leads to the
plugging of sieve pores, primarily by callose deposition. The phloem blockage or damage
then leads to massive accumulation of starch in leaves and nutrient deficiencies in sink
organs (Kim et al., 2009). Recently, an iodine reaction kit was developed (Onuki et al.,
2002) to identify leaves with high starch contents as a pre-screening test for HLB3.
2.4 Hyperspectral in situ detection of carbohydrates
As explained in sections 2.2 and 2.3, the carbohydrate economy in citrus has a large
impact on both physiology and phenology and therefore on the overall production process.
Robust and frequent monitoring of trends and sudden changes in (leaf) soluble sugars
and starch can be an indicator for variations in flowering intensity, fruit set and drop,
juice quality, alternate bearing, freeze tolerance and infections such as HLB. This section
describes the development of a hyperspectral technique for the detection for soluble
sugars and starch from in situ non-destructive leaf contact measurements. It contains a
summary of the master thesis work by Devarrewaere (2010), which can be consulted for
more detailed information.
A calibration dataset of leaf samples was collected in orange groves near Wellington
(33°35’00”S; 18°55’30”E) and Stellenbosch (33°55’12”S 18°51’36”E), South Africa on
Valencia and Navel orange trees (Citrus sinensis L. (Osbeck)) and on Clementine
mandarin trees (Citrus reticulata Blanco). Both sites have a Mediterranean climate.
Data was collected on three dates between July and September 2009. A total of 72
samples were selected to maximize the variations in expected sugar and starch contents.
Each sample consisted of ten leaves from the same tree. The selection includes shaded,
sunlit, chlorotic and senescent leaves from different species on both harvested and fruit
bearing trees.
Hyperspectral reflectance data from 350 to 2500 nm was obtained with a plant probe
attached to a FieldSpec Pro JR spectroradiometer4. A Spectralon whitepanel (Labsphere
inc.) was used as a white reference. Leaf reflectance spectra were collected using both a
standard black background (4% uniform reflectance) and a white Spectralon background
that normalizes for leaf internal scattering (see chapter 3). Spectra were taken on fresh
leaves and on the same leaves after over-drying at 60° for 48 to 72 h. For each sample,
spectra of all ten leaves were averaged.
2HLB was first detected in China in the early 20th century and is now common in most of Asia and has
been imported to Brazil and the USA
3The most popular diagnostic method for HLB is PCR (polymerase chain reaction) analysis. PCR analysis,
however, is time-consuming and expensive, and is not suitable for large numbers of samples.
4Analytical Spectral Devices Inc., Boulder, USA. The spectral resolutions were 3 nm from 350 to 1050 nm
and 30 nm from 1050 to 2500 nm.
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Starch and soluble sugar contents of each sample were determined using the Dreywood
anthrone method (Dreywood, 1946; Yemm & Willis, 1954), combined with amyloglucosi-
dase reaction to break down starch into glucose after prior extraction of soluble mono-
and oligosaccharides. Measurements were made with triplicate readings and replicate
outliers (relative standard deviation > 15%) were removed prior to statistical model
fitting.
Statistical calibration models for soluble sugar and starch and total non-structural
carbohydrates (soluble sugar + starch) were developed by correlating the reflectance
spectra as well as their first derivatives to the chemical analysis of each sample. Original
spectra were smoothed using a Savitzky-Golay (Savitsky & Golay, 1964) filter prior to
computation of the derivatives. Since both soluble sugars and starch have no absorption
features in the 350 - 950 nm range (Curran, 1989), reflectance and derivative reflectance
spectra were constrained to the 950 - 2500 nm range to avoid non-causal correlations
between pigment contents and carbohydrates. The statistical methods evaluated in this
study are multiple stepwise linear regression (MLR), partial least squares (PLS) regression
and ratio indices. For MLR, stepwise model building was applied (Draper & Smith, 1981)
and constrained to a maximum of five independent variables to avoid model over-fitting.
PLS was implemented using the Non-linear Interactive (NIPALS) implementation (Wold,
1973) in which the optimum number of latent variables was determined using leave-
one-out cross-validation. Ratio indices were calculated as standardized difference ratio
indices (SDR)5 for each possible pair of wavelengths. A total of 72 statistical models
were fitted for all possible combinations of predicted variable (sugars, starch and total
carbohydrates), model type (MRL, PLS and SDR), type of input spectrum (reflectance
and reflectance derivative; black and white background) and leaf type (fresh and dry).
Calibration models were tested with leave-one-out cross-validation.
The statistics of the three analysis methods are summarized in Table 2.1 in which
the quality of the models was expressed by their coefficient of determination R2 of
cross-validation. Additional statistical measures (root mean squared error or RMSE)
can be found in Devarrewaere (2010).
5A standard difference ratio for reflectance (ρ) at wavelengths λ1 and λ2 is calculated as
(ρλ1 − ρλ2) / (ρλ1 + ρλ2)
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Table 2.1: Coefficients of determination (R2) using cross-validation for the prediction of
concentrations of starch, soluble sugars and total non-structural carbohydrates using multiple
linear regression (MLR), partial least squares regression (PLS) and standardize difference band
ratios (SDR) on spectra of leaf reflectance (r) or the first derivative of leaf reflectance (dr).
Leaf type Background MLR PLS SDR
r dr r dr r dr
Starch
fresh black 0.87 0.91 0.81 0.83 0.80 0.89
fresh white 0.88 0.90 0.81 0.84 0.85 0.89
dry black 0.78 0.81 0.74 0.72 0.76 0.79
dry white 0.87 0.89 0.85 0.85 0.86 0.86
Soluble sugars
fresh black 0.10 0.28 0.13 0.25 0.21 0.33
fresh white 0.28 0.46 0.18 0.26 0.24 0.40
dry black 0.57 0.70 0.45 0.51 0.27 0.39
dry white 0.44 0.42 0.37 0.47 0.39 0.46
Total carbohydrates
fresh black 0.86 0.89 0.78 0.78 0.71 0.86
fresh white 0.88 0.87 0.81 0.80 0.79 0.88
dry black 0.78 0.81 0.72 0.74 0.73 0.74
dry white 0.88 0.88 0.83 0.84 0.76 0.82
Results for total carbohydrates and starch produced the best R2, with lower R2 values
for soluble sugar concentrations. This is consistent for all spectra and leaf types and for
the three statistical methods. Analysis of prediction errors (RMSE) reveals that soluble
sugar concentrations are predicted with equal or better accuracy than starch. The lower
R2 for soluble sugars is therefore mainly attributed to the smaller range of variation
in soluble sugar concentrations as compared to starch. In citrus physiology, variations
in leaf soluble sugar concentrations are indeed less pronounced than those in starch,
which can reach high levels around anthesis while dropping to low levels during the fruit
maturation period (figure 2.3, Sanz et al., 1987; Garcia-Luis et al., 1988). The more
subtle dynamics in soluble sugar contents may thus be harder to monitor using in situ
spectral measurements.
White backgrounds that partly normalize for multiple scattering inside leaves (chapter
3) produced slightly better results than black backgrounds, except for the prediction
of soluble sugars using dry leaves. Drying leaves prior to spectrum collection did not
consistently improve prediction accuracy, which contrasts with the common assump-
tion that water masks most of the critical absorption features of the leaf dry matter
components (Curran, 1989; Jacquemoud et al., 1995, 1996).
Of the three tested methods, MLR produced the best results, followed by PLS and finally
SDR. The lower performance of SDR can be expected since standardized difference
ratios only use two independent variables for the prediction, while MLR was constrained
here to five and PLS uses latent variables that are linear combinations of all independent
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variables. Therefore the relatively low performance of PLS was unexpected: in NIR
spectrometry, where the number of independent variables (wavelengths) is usually larger
than the number of observations, the use of latent variables generally makes PLS more
robust to over-fitting than MLR (Tobias, 1995). Many wavelengths selected by both
MLR and SDR could be related to known absorption features of soluble sugars or
starch (Curran, 1989). The use of first derivative spectra instead of reflectance spectra
consistently improved the prediction accuracy, for almost any combination of method,
spectrum type and leaf type.
2.5 Conclusions
A conceptual model for the carbohydrate flows in citrus was constructed in which
carbohydrates were described as critical factors in that have an impact on fruit number,
size and internal quality, alternate bearing and freeze tolerance. The main internal
factors of the model involve the sink-source relations, including assimilation, partitioning
and mobilization/immobilization of reserves. External inputs (climate and management)
and related subsystems (mineral nutrition and tree-soil water balance) have an impact
on tree health and production through their impact on the carbohydrate economy.
Climatological variables include solar irradiance, air moisture and temperature. The
most important factors in mineral nutrition were nitrogen, potassium and salinity.
Management interferes through pruning, thinning, girdling and hormone sprays.
The second section of this chapter focuses on the seasonal dynamics in soluble sugars
and starch, specifically at the leaf level as this is the easiest to monitor using remote
sensing and in situ detectors. Most research agrees on the impact of the vegetative
flush, followed by flowering and fruit set as the period exhibiting the largest dynamics in
starch, with smaller changes in soluble sugar contents. Monitoring of leaf carbohydrate
contents has potential to infer information about possible yield losses due to physiological
fruit drop, about the tendency of trees towards alternate bearing, about temperature
conditioning or cold hardiness in cooler climates and to scout for possible infections that
block phloem transport such as HLB.
Near infrared spectroscopy (1000 - 2500 nm) as an in situ technique for the estimation of
soluble sugars and starch has a reasonable to good prediction power (R2 of 0.91 for starch
and 0.70 for soluble sugars). The use of white backgrounds improved predictions, while
prior drying of leaves did not substantially improve the results. Multiple linear stepwise
regression consistently provided better results than partial least squares regression
and standardized difference band ratios. The small difference in performance between
stepwise regression (linear, using up to five wavelengths) and band ratios (non-linear,
only two wavelengths) underlines the potential of non-linear regressions. Pre-processing
of spectra by taking the first derivative improved the prediction accuracy.
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3. A DORSIVENTRAL LEAF RADIATIVE TRANSFER MODEL: DEVELOPMENT, VALIDATION AND





“The sensitivity of a parameter is often expressed by the Sobol’ index (SI) (Sobol’, 2001)
that expresses the fraction of the total variance in a dataset explained by an individual
parameter xi...”
should be:
“The sensitivity of a parameter is often expressed by the Sobol’ index (SI) (Sobol’, 2001).
SI expresses the fraction of the total variance of an output variable by the variation of
the constant value of an individual parameter xi...”
Section 6.2, table 6:
Ideally, R2 values for both the LeuvenV and LOPEX datasets should be compared with
inversions using equal numbers of inverted model parameters (now 6 and 5 respectively).
Due to the inherent difference between both datasets with respect to spectrum collection,
the LeuvenV required an additional parameter (ν) to account for less stable glossy
reflections by the contact probe. The LOPEX dataset was collected using an integrating
sphere and did not require this additional parameter.
90
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The impact of common
assumptions on canopy radiative
transfer simulations: a case
study in Citrus orchards
Published as: Stuckens, J., Somers, B., Delalieux, S., Verstraeten, W.W., Coppin, P.,
2009. The impact of common assumptions on canopy radiative transfer simulations: A
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Physiology of a hyperspectral
time series in a citrus orchard
In review: Stuckens, J., Dzikiti, S., Verreynne, S., Verstraeten, W.W., Swennen, R.,
Coppin, P., Physiological interpretation of a hyperspectral time series in a citrus orchard.
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Evaluation and normalization of
cloud obscuration related BRDF
effects in field spectroscopy
Published as: Stuckens, J., Somers, B., Verstraeten, W.W., Swennen, R., Coppin, P.,
2009. Evaluation and normalization of cloud obscuration related BRDF effects in field


















































Off-nadir viewing for reducing
spectral mixture issues in citrus
orchards
Published as: Stuckens, J., Somers, B., Albrigo, G.L., Dzikiti, S., Verstraeten, W.W.,
Swennen, R., Verreynne, S., Coppin, P., 2010. Off-nadir viewing for reducing spectral
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Errata
Section 2.1, par.1, line 7:
“...with a 0.6 m pixel resolution” should be “...with a 0.6 m pixel size”.
Section 2.1, par. 3, line 8:
“The dominant orientation in Citrusdal is slightly tending towards the West, which may
be explained by the 345° orientation of the Olifantsrivier valley in which the orchards
are situated.”
should be
“The dominant orientation in Citrusdal (351°) is slightly tending towards the West. Most
of these orchards have their row orientations approximately aligned with the axis of the
Olifantsrivier valley (345°) in which they are situated. This may explained by practical
(access to orchards) or historical reasons (land ownedship).”
Section 2.1, figure 1B and 1C:
“row distance” should be “between row spacing”
“tree distance” should be “within row spacing”
Section 2.3, par. 1, line 4:
“A total of 10 representative trees were calibrated to represent actual trees.”
should be
“A total of 10 virtual trees were generated to represent actual field trees. The virtual
tree structure parameters were iteratively calibrated using allometric measures and gap
fraction analysis.”
Section 4.3, list item 2
“Seasonal changes in illumination. Similar to agriculture in general, in horticulture,
seasonal changes in physiology and phenology as well as in solar position will induce
181
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changes in the measured reflectance factors (Stuckens et al., 2009a). Failing to separate
both factors may lead to erroneous conclusions. An optimal viewing angle will minimize
the impact of illumination.”
should be
“Seasonal changes in illumination. For a fixed observation time (LST), seasonal changes
in solar position will induce changes in the measured reflectance factors even when
tree structure or biochemistry would not be altered (Stuckens et al., 2009a). Failing to
separate these from physiological changes that are to be detected will lead to erroneous










The two objectives of this manuscript, as formulated in chapter 1, were (i) improving the
understanding of the processes that translate biophysical changes into changes detectable
by optical remote sensing technology using a bottom-up approach, and (ii) improving
the sensitivity and robustness of data extraction methods to detect subtle changes in the
plant state. The first research objective is addressed in chapters 2 (biophysical processes),
3.1 (leaf RT model development), 4, 5 (up-scaling from leaf to canopy level to field level)
and 7.1 (up-scaling to satellite level) from the smallest scale level (plant processes) to the
satellite level. The second objective is addressed in chapters 3.2 (inversion strategies), 6
(time series for field reference spectra) and 7.2 (optimal viewing angles). Relationships
and chapter numbers are indicated in figure 8.1 that is repeated here from the first
chapter for the reader’s convenience.
Figure 8.1: A bottom-up modeling approach that integrates plant production modeling and
radiative transfer modeling. Chapter numbers are between square brackets. Black numbers:
objective one; gray numbers: objective two.
Table 8.1 presents for each chapter an overview of the collected data, the constructed
models and the field and model experiments that were conducted.
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8. CONCLUSIONS AND FUTURE PERSPECTIVES
Table 8.1: Overview of the collected data, models and field and simulation experiments for each
chapter. Original chapter titles are abbreviated.





- Chemical analysis (starch, sugar)




- Chemical analysis (chlorophyll,
carotenoids)
- Leaf water and dry matter
contents
- Model construction: Dorsiventral
Leaf Model







- Model construction: ray-tracing
model
- Model simulations: impact of
model simplifications on bias
5. Physiology of a
hyperspectral time
series
- Contact spectra (leaves, fruit)
- Canopy spectra
- Soil and weeds spectra
- Meteorology
- Observations of phenology (18
months at monthly intervals)





- Canopy and soil spectra
- Solar irradiance
- Observations under different
illuminations (from overcast to
clear sky)
- Model simulations: different
illuminations
7. Off-nadir viewing - High resolution satellite and aerial
images + digitized field geometry
- GIS analysis
- Model simulations: different
viewing angles
8.1.2 Evaluation of hypothesis
Both objectives are used to evaluate the hypothesis that (i) hyperspectral reflectance of
perennial fruit tree canopies holds information on the plant’s internal state, that this
information is expressed (ii) in the dynamics of leaf biochemistry and (iii) in mixtures
and structural organizations of canopy components (leaves, fruit, flowers,...) and (iv)
that this information can be accurately extracted for integration in biophysical models.
For the first part of this hypothesis (information content), an overview is presented
of the variables that can be retrieved by hyperspectral remote sensing (chapter 1).
The importance of variables such as chlorophyll and water contents has already been
well explored for a number of production systems with relevance for citrus. For other
variables with known absorption features, and specifically for (leaf level) soluble sugars
and starch, a lack of knowledge was detected on their retrieval using hyperspectral
remote sensing. On the other hand, a considerable amount of research exists, supporting
evidence about their importance for the citrus production process. Therefore, existing
physiological knowledge was summarized in a dynamic and deterministic/empirical
conceptual model (chapter 2.1), focused on the carbohydrate flows in citrus. Seasonal
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dynamics in soluble sugar and starch contents at the leaf level clearly reflect phenology,
although differences between climatological regions exist. In many production systems,
a large increase in starch contents precedes the vegetative flush, after which the levels
drop during flowering, fruit set and fruit expansion. The potential relevance of both
parameters for different stages in the production process is high, provided that their
dynamics can be understood and that the internal and external processes that affect
their values can be separated. Monitoring of leaf carbohydrate contents has potential to
infer information about (i) yield losses due to physiological fruit drop, (ii) about the
inclination of trees towards alternate bearing, (iii) about temperature conditioning or
cold hardiness in cooler climates, and (iv) to scout for possible infections that block
phloem transport, such as HLB.
The second part of the hypothesis focused on the expression of this information
in leaf biochemistry through changes in the optical properties of leaves and in the
structural organization of canopy elements.
At the leaf level, the molecular absorption of total chlorophyll, total carotenoids, water
and total dry matter has been well described and a fundamental approach was preferred
by the development of a static mechanistic Dorsiventral Leaf radiative transfer Model
(DLM, chapter 3.1). DLM considers the asymmetric distribution of pigments, water
and dry matter in dorsiventral leaves. By running the model in forward mode, optical
properties of both faces of a wide variety of leaves, including citrus, can be accurately
simulated with good precision. This facilitates improvements in canopy radiative transfer
modeling (the next step in bottom-up modeling), since dorsiventral properties of leaves
can have a significant impact on canopy reflectance.
To gain a better understanding on the role of canopy structure in orchards, a static
mechanistic hyperspectral ray-tracing model was developed in which realistic simulations
of radiative transfer (including canopy reflectance) can be generated in virtual 3D
environments (chapter 4). The model was calibrated and successfully validated in a
virtual citrus orchard, realistically modeled based on an existing commercial orchard.
Subsequent simulation experiments were set up to evaluate six assumptions commonly
made in less complicated analytical radiative transfer models. The first three assumptions
focused on leaf optical properties. They tested (i) whether a random mixture of leaves
with different optical properties can be substituted by one leaf type with average optical
properties, (ii) the impact of leaf asymmetry and (iii) leaf bidirectional reflectance
(glossy cuticular reflections). Assumption (iv) compared variations in leaf shape and
curl to the common representation of flat, disk-shaped leaves. The last two assumptions
tested are (v) the impact of row orientation on canopy reflectance as compared to a
random distributions of the same trees, and (vi) the impact of the diffuse component
of sunlight on canopy reflectance under clear-sky conditions. The first assumption
(optical properties mixtures) was not invalidated, but all other assumptions caused
substantial errors. The largest effects in relative and absolute terms were found by
ignoring the row orientation of trees, (assumption (v)). Models capable of dealing with
row orientations seem to be a requisite for using remote sensing technology in horticulture.
Deviations in leaf asymmetry (ii) and shape (iv) may be partly compensated using
‘effective model variables’. The assumptions on leaf bidirectional reflectance (iii) and
187
8. CONCLUSIONS AND FUTURE PERSPECTIVES
diffuse illumination (vi) indicate that such simple corrections often applied to account
for model generalizations do guarantee a better model fidelity. All errors, expressed
in relative terms, were wavelength-dependent, so that many vegetation indices derived
from model outputs are affected by model assumptions. Since reported errors depend on
canopy architecture, solar position and atmospheric conditions, they are not temporally
invariant and will affect vegetation monitoring applications. Many conclusions derived
for citrus are expected to be valid for similar crops in horticulture and beyond.
The information obtained through both models and simulations was validated and placed
in a dynamic context using a hyperspectral time series of field data in a commercial
citrus orchard (chapter5). The impact of each phenological stage on the reflectance of
the entire canopy and its components could be described. Leaf reflectance measurements
were inverted into time series of biophysical parameters using the DLM (see chapter 3.1).
The contribution of the individual canopy components (flowers, fresh, old and sun-burnt
leaves) to the overall canopy spectral reflectance could be assessed by classification of
digital camera images. An experimental Flowering Intensity Index allowed to discriminate
three classes of flowering intensity. The separation of new vegetative flushes and sun-burnt
leaves from healthy mature leaves provided insights in interpreting canopy level spectral
changes. A simulation experiment was set up to quantify the impact of solar elevation
on canopy level spectral indices, revealing the sensitivity of indices for chlorophyll and
water content. This effect could be mitigated by applying a correction that removes the
impact of the underlying soil. Most other trends in vegetation indices at the canopy
level could be explained by a combination of changes in leaf biochemistry, leaf area
index, leaf angle distribution and cover fractions of the components: old leaves, new
flushes, flowers and sun-burnt leaves. Different vegetation indices predicting the same
variable (chlorophyll content, water content or LAI) revealed similar trends, but some
indices were better related to known structural or spectral changes in the canopies.
The MCARI/OSAVI index was best related to leaf level trends in chlorophyll content.
Seasonal changes in PRI could be linked to inverse changes in carotenoid-to-chlorophyll
ratio. Canopy structure indices (MTVI2 and sLAIDI) were related to changes in LAI as
well as to changes in leaf angle. Management (pruning and harvest) leads to noticeable
changes in vegetation indices. Monitoring of canopy water status was highly impacted
by the presence of new expanding spring leaves between and hampered a physiological
interpretation of trends in the underlying mature leaves. Seasonal trends in soil and
weed reflectance, important for the up-scaling of reflectance to the field level (spectral
mixtures), was explained by seasonal changes in volumetric soil water content and by
the weeds phenology.
The last part of the hypothesis was the existence of accurate data extraction
methods. Therefore different methods and strategies were developed to improve existing
extraction methods at three scale levels: the leaf level for contact measurements, the
canopy level for field measurements and finally the satellite level:
• At the leaf level, different strategies were developed to optimize the inversion of
DLM (chapter 3.2) , i.e. to retrieval biophysical parameters from measured leaf
reflectance spectra. Results of an initial sensitivity analysis followed by validation
on two independent datasets (LeuvenV and LOPEX) revealed that inversion can
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be improved using two techniques. The first is to exclude the 720-1350 nm region
of the spectrum, which is the most sensitive to unknown variations in the leaf’s
internal structure and to variability in the dry matter specific absorption spectrum.
The second is to measure reflectance on a 100% reflecting background. This
knowledge was applied in different inversion schemes to retrieve pigments, water
and dry matter contents. The best performing inversion schemes for both datasets
show a good prediction accuracy for total chlorophylls, water and total dry matter
(R2 resp. 0.95, 0.94 and 0.97) and a moderate accuracy for carotenoids (R2 of 0.58).
Further development of DLM is required for the simulation of additional molecular
groups that were not yet included. Soluble sugars and starch could however
be reliably predicted from contact sensing measurements using statistical model
fitting (chapter 2.2). Prediction accuracy depends on the type of measurement
(e.g. type of background, fresh or dry leaf), on the applied statistical methods
and the preprocessing procedures of the measured spectra. Good accuracies (R2
of 0.91) were obtained for starch, while lower values for sugars (R2 of 0.70) are
attributed to the smaller range of sugar concentrations in the reference dataset.
• At the canopy level, the collection of ground-based canopy and soil hyperspectral
measurements is often constrained by mixed meteorological conditions. While
traditional dual field-of-view (DFOV) spectroscopy can overcome some of these
restrictions (variations in total irradiance), it can not yet compensate for changes
in angular light distribution (e.g. different proportions of diffuse and direct light).
Therefore research was set up to better describe the effects of varying amounts of
cloud cover (chapter 6). In a first simulation experiment, the impact of reduced
irradiance caused by cloud cover on the signal-to-noise ratio (SNR) of measured
canopy and soil reflectance factors was quantified. Results suggest that instrument
specific lower bounds for illumination conditions (irradiance) can be defined above
which DFOV spectroscopy can be successfully deployed. BRDF effects in DFOV
measurements were modeled and described using synthetic data in a ray tracing
environment (pbrt). Solar elevation, wavelength and target structure were the
determinant factors affecting differences between target reflectance under obscured
and unobscured conditions, while the anisotropy (BRDF) of the reference panel
often reinforces this effect. A data-driven normalization procedure was developed
by decompositing of the BRDF into an isotropic component specific for each
individual target and a bidirectional component specific for a group of similar
targets. The procedure was evaluated on synthetic and on real datasets. Results
indicate that most of the bias in cloud obscured measurements can be removed by
applying a normalization factor obtained from a representative target under equal
illumination conditions. Field protocols should avoid or remove measurements
that include large irradiance fluctuations during scan time as well as measurements
made under intermediate cloud cover. Normalized spectra show low relative errors
up to 1800 nm (on average 5%). At higher wavelengths, the errors increase due
to a reduced signal-to-noise ratio. The inclusion of a BRDF normalization, in
addition to existing intercalibration factors shows good promise to deploy DFOV
spectroscopy for physiological monitoring applications. This can be important in
mid-latitude climates where the dominance of partly cloudy and overcast skies
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prevents the establishment of clear sky time series.
• At the satellite level, pixels from orchards (and other row structured plantations)
contain the spectral signature of the tree crowns, but also variable mixtures of
weeds and soil. To obtain a better insight in the composition and variability of
these mixtures, the radiative transfer model for citrus orchards (see chapter 4) was
adapted (chapter 7). A GIS analysis provided statistics on orchard geometry from
two test areas: Citrusdal (South Africa) and Lake Alfred (Florida). Supplemented
with simulations in virtual orchards constructed for both regions, information on
the composition of pixel mixtures was obtained. Results indicate that moderate
and high resolution satellite sensors (pixel sizes from 0.5 up to 15 m) can avoid the
mixture problem between adjacent fields, but not the within-field mixtures between
trees, soil and weeds. The effective estimation of these fractions and reverting the
mixed spectrum to a pure canopy spectrum is the scope of (spectral) unmixing
research and was not researched in this dissertation. Alternatively and in addition
to the algorithmic solutions of unmixing, the off-nadir pointing capabilities of
recent platforms provide additional opportunities to reduce the impact of mixtures
of weeds and soil. A second set of simulations was used to determine optimal
off-nadir viewing directions for North-South and East-West oriented fields in both
areas for different acquisition times. Comparisons between different viewing and
illumination geometries were made using spectral similarity based indices. Three
evaluation criteria were used: (i) the impact of seasonality caused by illumination
angle, (ii) the impact of soil spectral changes caused by varying soil moisture
contents and (iii) the impact of spectral changes in weeds (weed physiology and
ground cover). For North-South oriented fields, azimuth angles of 315° (southern
hemisphere) and 225° (northern hemisphere) provided the best performance for the
three criteria. For the East-West oriented fields, the best azimuths for the northern
and southern hemisphere are 180° and 0° respectively, which is perpendicular to
the row orientation. The optimal view azimuth is thus consistently in the direction
opposite to the solar azimuth. High oblique zenith angles (40°) performed better
or equal to near-nadir angles (20°). Early overflights (9:30 LST) resulted in better
performance than later overflights (10:30 LST). This is attributed to increased
shadowing of soil and weeds. Optimal viewing azimuths for one row orientation
were often sub-optimal for the other perpendicular row orientation. Considering the
dominance of both North-South and East-West orientations in many commercial
citrus production regions, monitoring applications may require image acquisitions
from two different azimuth angles in each critical stage of the production process.
8.1.3 Relevance for scientific research and for the citrus industry
The main contributions of this dissertation to the progress in science are better insights
obtained in radiative transfer of leaves and canopies, the construction of tools to further
investigate this radiative transfer on any crop type and the development of improved
data capturing and extraction methods.
The main insight in radiative transfer is that - as stated in the hypothesis - the canopy
reflectance can be considered as an integration of the contributions of the different
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components (mainly leaves, but with contributions of twigs, fruit and flowers and the soil
background) and the leaf biochemistry expressed in these components. The development
of phenological stages and stresses can be explained by variations component’s fractions,
in their spatial organization and in detectable biochemical changes. Many aspects of
canopy structure influence the overall reflectance, including the shape and cuticular
structure of leaves, the difference between their adaxial and abaxial optical properties
and the distribution of incident light. Accurate modeling of canopy reflectance requires
to take these aspects into account.
Two modeling tools have been developed: DLM at the leaf level and a hyperspectral
version of pbrt at the canopy level. Both models are not crop specific and can easily be
ported to other production systems to retrieve leaf biochemistry and to provide accurate
simulations of canopy reflectance.
Two of the improved data capturing and extraction methods include the improved model
inversion scheme for DLM and the dual field-of-view method for the collection of time
series under variable meteorological conditions. They can be readily applied on other
research in the domain of hyperspectral remote sensing of vegetation. The third method,
the use of off-nadir observations in row oriented crops has important potential, but is
currently based on simulations and requires validation using satellite data series.
The main relevance of this research for the citrus industry must be situated in a
longer time frame, as it further supports the construction of the anticipated integration
of in situ and hyperspectral data to monitor, model and steer agricultural production
systems.
The good results obtained in predicting leaf biochemistry from spectral contact measure-
ments (chapters 2.2 and 3.2) indicate that these techniques may not only be a step in a
scientific modeling framework. They can also be adapted for operational use for in situ
instruments. This can be of importance for the citrus industry and other horticultural
industries as it can provide a fast and low cost method to detect water stress (water
content), biomass accumulation (dry matter content), chlorosis (chlorophyll), differ-
ent stresses (chlorophyll to carotenoid ratio) and information about the carbohydrate
flows (alternate bearing, diseases). The technological challenge in developing low-cost
field-portable instruments to detect these variables involves substituting full spectral
measurements by a limited number of wavebands measured by bandpass filter sets.
Currently, this technology has only been commercialized for chlorophyll meters and
fluorimeters.
8.2 Future perspectives
The biophysical modeling of horticultural crops is a research topic in its own right,
that has only briefly been touched in chapters 1 and 2, but recommendations can be
made for integration of submodels, model parametrization and data assimilation and
choice of model crop. The radiative transfer modeling tools developed in this research
can be further refined and additional steps are required to achieve an integrated model
that simulates all optical interactions from leaf biochemistry to the sensor level. In
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addition, the virtualization offered by ray-tracing models offers important potential for
the modeling of photosynthesis. The data capture and inversion techniques introduced
to improve the robustness of data retrieval can be further optimized and require further
validation.
8.2.1 Biophysical modeling
Integration and parametrization of sub-models
Important biophysical relations specific for fruit tree crops are being incorporated into
existing biophysical models such as CropSyst (Stöckle et al., 2003). This includes
light interception by row crops, cold accumulation to simulate bud induction and
thermal time accumulation for fruit ripening and cold hardiness. These models can be
further developed by including additional interrelationships between compartments or by
including existing sub-models. Sub-models can be species-specific such as the Decision
Information Systems for Citrus (DISC; Albrigo et al., 2002) for flowering or the fruit
growth model CITROS (Bustan et al., 1999) for grapefruit or more generic such as the
fruit growth model of Henton et al. (1999).
Alternatively, strategies for a correct and site/cultivar-specific parametrization of the
different crop coefficients requires more attention: CropSyst (version 4.13; 2010) defines
67 crop-specific parameters for a single fruit cultivar. Other variables and parameters
such as meteorology, management and site description (soil type and fertility, terrain)
are easier to define objectively.
Data assimilation and fusion with other technologies
In contrast to the large number of biochemical molecules involved in a plant’s physiology,
only a limited number have known absorption features in the 350-2500 nm wavelength
range and can be detected by optical sensors. This includes chlorophyll a and b,
carotenoids, anthocyanins, brown pigments (oxidized polyphenols), soluble sugars, starch,
proteins, (hemi-)cellulose, lignin and water (see section 1.4). Only for a small number of
these, chlorophyll, water and possibly carotenoid-to-chlorophyll ratio, can be retrieved
with reasonable or good accuracy using existing multi- or hyperspectral remote sensing
technology and algorithms. Others such as total dry matter, soluble sugars and starch can
be determined at the leaf level. While these variables are related to different biophysical
processes, knowledge is lacking to describe their expected or optimal values for different
crops and cultivars during each phenological stage. In contrast, such knowledge bases
exist for mineral nutrients in soil and leaf tissue and are being used to calculate fertilizer
requirements. A successful introduction of remote sensing technology in horticulture
(and by extension in agriculture) depends on the accurate retrieval of a set of biophysical
parameters, but also on the knowledge of their expected dynamics during the production
cycle and on a diagnostic interpretation of anomalous values.
As outlined in the introduction of this manuscript (section 1.4), thermal remote sensing
and active and passive radar can provide valuable additional information that is hard to
obtain using only passive optical remote sensing. The most important parameters are
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related to the plant-soil water relations, namely the latent heat of (evapo)transpiration
and soil moisture. Fusion of both technologies may further knowledge on modeling and
monitoring of complex production systems.
Choice of model crop
Research in this dissertation used citrus as a model crop. Transferring this knowledge to
different horticultural crops may benefit from knowledge gathered on citrus, but different
crop-specific adaptations will be required. This not only considers the biophysical
modeling itself, but also the up-scaling from leaf to canopy levels. Two examples are
given:
• Banana (Musa spp.) plantations generally form a closed vegetation cover. This is
expected to minimize the contribution of soils and weeds so that spectral unmixing
may be facilitated or even redundant. On the other hand, phenological stages of
individual plants in plantations are not synchronized, but their stochastic behavior
can be modeled (Dens et al., 2008).
• Modern high density pear (Pyrus communis) training and pruning systems often
create thin hedgerows (Mitcham & Elkins, 2007). These can have a proportionally
small cover fraction as compared to citrus (approximately 40-60%; chapter 7)
and thus a smaller contribution of the trees to the mixed spectrum. In addition,
pear orchard floors are often maintained as continuous sods. Spectral mixtures of
two vegetation signals (tree and grass) were found to be harder to separate than
mixtures of only tree canopy and soil (Somers et al., 2010a). Remote sensing in
such orchards may require oblique viewing as described in chapter 7 to reduce the
spectral contribution of the sods.
8.2.2 Improvements on radiative transfer models
From leaf biochemistry to leaf optical properties
The current version of the DLM is restricted to four biochemical parameters: total
chlorophyll, total carotenoids, water and total dry matter. The good prediction accuracy
for dry matter indicates that it may be possible to quantify the contents of some of
the dry mass constituents (e.g. cellulose, lignin, protein, sugar and starch). This is
underpinned by recent research in which concentrations of soluble sugars and starch
could be accurately determined in fresh and dry citrus leaves using statistical methods
(Devarrewaere, 2010, see also chapter 2). Including these components in the DLM would
only require the measurement of their in-vivo specific molecular absorption spectra.
From leaf to canopy
The up-scaling of radiative transfer from the leaf to the canopy level can be accomplished
by either analytical models using stochastic parameters that describe averages and
distributions for an entire forest, orchard or field or by a rendering algorithm (such as
ray-tracing) that requires an explicit 3D modeling of all canopy elements (leaves, stems,
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fruit). The computational speed of analytical models makes them suitable candidates for
fast model inversion on remotely sensed datasets, but their large number of assumptions
can lead to substantial deviations, as demonstrated in chapter 4. The largest deviation,
caused by ignoring the row structure of orchards, requires dedicated radiative transfer
models for row crops, such as the recent work by Zhao et al. (2010). The impact of
other assumptions may be mitigated by using effective parameters, i.e. values deviating
from true parameter values but producing a more correct simulated canopy reflectance.
This raises the question of how such effective parameters can be derived from the true
parameters (e.g. LAI) measured in the field. An alternative approach may focus on
substantially improving the computational speed of rendering algorithms. One of many
possibilities is to apply the technique of decomposition of the radiation field (Liang,
2004) on ray-tracing models and to explicitly model the zero- and first scattering orders,
but to approximate higher scattering orders with stochastic algorithms.
Another field of research involves understanding the combined effect that many stresses
and phenological events exert on both canopy structure and leaf biochemistry. Recent
research on citrus indicates that water stress may initially impact canopy structure by
alteration of leaf angles and leaf curl (Dzikiti 2010, unpublished data), while spectrally
detectable water loss only occurs under more severe and persisting stress (Dzikiti et al.,
2010). Additional research required for the detection of water stress is the spectral
separation of wetting and drying of the soil background from changes in canopy water
content.
From at-sensor radiance to sensor retrieved signals
While many radiometers are capable of producing relatively noiseless spectra in the
visible and near-infrared wavelengths (350-1400 nm), the lower power of sunlight at
higher wavelengths decreases the signal-to-noise ratio in the short-wave infrared (1400-
2500 nm). This leads to substantial amounts of noise (ASD, 1999) hampering data
extraction methods that require narrow wavebands or spectral derivatives. Other causes
that can result in errors in radiometric measurements1 include stray light (Zong et al.,
2007), incorrect dark current subtraction and wavelength shifts (ASD, 1999). Most of
these errors can be simulated by error models for well-characterized instruments. This
can provide the last step in the up-scaling process to increase the realism of simulations
and provide the necessary means to test the robustness of data extraction algorithms
for specific sensors.
Modeling of light interception at the leaf level
Exact knowledge of canopy structure, as provided by 3D virtual environments (chapter
4) can also be used to simulate light interception at the level of individual leaves rather
than to aggregate it at the canopy level. Such an approach has already been applied
in forestry environments (Van der Zande et al., 2010) to provide detailed input for the
modeling of photosynthesis or transpiration (Van der Zande et al., 2009). It may be
1In this discussion we exclude geometric distortions, although these can also be modeled if necessary




adapted for orchards to evaluate the efficiency of different layouts, row orientations and
pruning systems.
8.2.3 Robust data retrieval
Focus on model inversion strategies
The different model inversion schemes that were compared in chapter 3 reveal that the
commonly used unweighted least squares approach often produces sub-optimal results.
Alternative cost functions in optimization techniques have been reviewed by Baret &
Buis (2008). On a canopy scale, inversions are often ill-posed and may require ancillary
data or prior information to achieve accurate results (Baret & Buis, 2008).
Better normalization for dual field-of-view measurements
The normalization technique for ground based spectroradiometric measurements in-
troduced in chapter 6 converts measurements under overcast conditions to clear sky
conditions with a minimal bias. This is the correct procedure for vicarious calibration,
but the resulting time series are still affected by BRDF effects caused by seasonal changes
in solar position. An alternative approach is to modify this procedure and normalize all
measurements to illumination under standard overcast conditions as these are almost
insensitive to solar elevation.
Off-nadir viewing
The conclusions of chapter 7 are based on extensive and realistic simulations, but still
require validation by field data. A validation experiment requires at least a one-year
multi- or hyperspectral time series collected by a high resolution satellite sensor with
off-nadir viewing capabilities (e.g. CHRIS-Proba or Sumbandilasat) coupled with ground
spectroradiometer measurements for reference data.
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